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Abstract:
Ambiguity and the Computational Feasibility of Syntax Acquisition

by
William Gregory Sakas

Advisor: Professor Virginia Teller

The thesis presents a framework that can be used for empirical and formal analysis of
parameter setting models of language acquisiion. Such models attempt to mirror
computationally the process by which children acquire the grammar of their nadve
language. Research into formal language learning theory standardly focuses on issues
of learnability — Under what conditons is learning possible? The thesis contributes to
the important, but under-investigated question of feasibility — Is acquisition possible
within a reasonable amount of time and/or with a reasonable amount of work? The
proposed framework formalizes existing notons such as the rate of parametric
ambiguity and parametric expression within a generally defined parameter space, so
that ditferent types of learning algorithms and grammar spaces can be explored. Two
influcnaal learning algorithms are examined in detail: The Triggerrng Learning Algorithm
(Gibson and Wexler, 1994) and The Structural Triggers Learner (Fodor, 1998). Empirical
results indicate that the Triggering Learning Algorithm's simple hill-climbing search
heuristics are sufficient to acquire the target grammar without the learner's
consumption of an unreasonable number of input sentences when the learning space
contains a strong correlaton between the similarity of languages and the grammars that

encrate them. The results also indicate that the Structural Triggers Learner's use of
g 2424
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structural informadon lying beneath the surface word order of an input sentence allows
for feasible learning when the rate of parametric expression varies across the input
sentences encountered by the learner. Notably, however, both models are acutely
sensitive to changes in the amount and type of ambiguity present in the domain. A
small change in just one of the factors that contributes to the distribution of ambiguity

has a large impact on learning efficiency.
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Preface

The research presented here is both the result of several yvears of work and a
springboard to work that is currenty underway. Much of the research leading up to
this dissertadon has been published and is publicly available. A stylistic choice was
made not to include previously published results in this manuscript. Likewise, the
latest simulation results are also not included; updated versions of the dissertation will

be available.

Contact me if vou are interested in obtaining any of my referenced works or the most

current version of the dissertadon. My email address is:

Sakas@hunter.cuny.edu
or by post:

William Sakas
Department of Computer Science
Hunter College
695 Park Avenue

New York, N.Y. 10021
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1 Introduction

1.1 Why Computationally Model Language
Learning?

"...it may be necessary to find out how language learning could work in order for the

developmental data to tell us how it does work.” (Pinker, 1979)

How does a child acquire language '? The process has been looked at with some
scrutny from many fields w1thm cognitive science. Linguists endeavor to describe
language facts in such a way that the same theory can accommodate linguistic
phenomena in all natural languages (Chinese, Swahili, German, etc.) with the strong
prerequisite that the propertes of individual languages can be readily acquired on the
basis of the kinds of evidence that are available to children. Developmental
psvchologists examine the speaking patterns of both parents and children and look for
relationships between them and the nature of language skills at different ages or
devclopmental stages. Mathematcians examine formal models of language in order to

establish bounds on what can and can't be learned in principle and computer scientists

' Unless otherwise stated, throughout I will use /anguage to refer to the syntactic structure or
grammar of language and put lexical (and phonological, etc.) consideradons aside (e.g. it is
irrelevant here whether a dog is called "dog'" or "chien"). There has been much recent work
on lexical, phonological and semantc acquisition (see Brent 1996 and references therein for
a survey, and Tesar and Smolensky 1998 for an approach to phonology acquisition within an
Optmality Theoreuc Framework).
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develop and implement models and run computer simulations of the acquisition

process.

Recenty there has been renewed interest in the computational and mathematical
modeling of language acquisition and the interreladonship between such models and
linguistic and psycholinguistic theory. This follows a general trend in cognitive science
towards mulddisciplinary research (c.f. Schunn 1998). The hope is that through the
implementadon and/or mathematical analysis of such models, certain bounds can be
established which can be brought to bear on pivotal issues in developmental

psvcholinguistcs.

As an example of the interplay between computatonal modeling and human language
acquisition research, consider this seminal learnability result by the mathemadcian

Edward Gold in 1967.2

Exposed to input strings of an arbitrary target language (L wr), where Lug is a
member of the class of all possible hypothesis languages ( H), it is impossible to
guarantce that a learner can identify L aq, if H is any class in the Chomsky
hicrarchy.®> Moreover, no learner is uniformly faster than one that executes
simple error-driven enumeration of languages.

Gold's theorem, that the formal languages of the Chomsky hierarchy are unlearnable, is
frequently cited in debates over what (if any) features of language are innate (c.f. Pinker

1979, Elman et al. 1996, Pullum 1996, Marcus, in press). Developmental

* What follows is an informal formulation of Gold's theorem; see the original work for
discussion and proof.

" Actually the theorem holds even if #is less expressive. If % contains all the finitc
languages and just one non-finite language, #is unlearnable.
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psvcholinguistics has demonstrated that human children learn their grammar largely or
solely from exposure to sentences from their native language — without any significant
degree of guidance or correcton from their parents or caregivers (Brown and Hanlon
1970, Marcus 1993). This, together with Gold's proof that, in general, identdfication of
a target language is impossible, helps to impel the nativist claim that children must
possess some congenital knowledge of language. In rejoinder, the empiricists either
attack the linguistic plausibility of Gold's formal paradigm or take Gold's learning
scenario to heart and attack the no negative evidence assumpton that was crucial to the
proof. My intenton is not to rehash or review this ongoing debate here. Rather I
point to the fact that Gold's computational work has remained current within cognitve
science* and serves as an indicadon of the significance of formal, computational

modeling of language learning.

1.2 The Linguistics of the Generative Tradition

\ithin the generative tradition, syntactic endtes are combined by rules to generate phrases
and sentences. Established by Noam Chomsky (1957, 1965), this research agenda

attempts to ascertain both the specific rules of a particular language (e.g. English) as

* Although frequently misunderstood. The general misconception stems from the fact that
Gold was concermned with the strictly defined classes that make up the Chomsky Hierarchy.
By constraining #7so that it is not strictly the class of regular languages (or context-free
languages, ctc.) but rather a union of subsets of different classes, learnability can be achieved.
The computer scientust Dana Angluin provides a proof that establishes necessary and
sufficient conditions to guarantee the learnability of H (Angluin, 1980).
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well as those general principles underlying the language competence of 4/ human

speakers regardless of their natdve tongue (i.e. the Universal Grammar or UG).

The staring point of this tradidon was a grammar formalism composed of phrase
structure or rewrite rules, which are recursively applied to vield the phrase structure (PS) of an
utterance. Although Chomsky emphasized ecarly on that grammars based on phrase
structure rules alone are insufficient to adequately capture all natural language
phenomena,’ the formal study of PS grammars, under the heading of formal language

theory, remains to this day an important topic in computer science and mathematics.

In order to increase the descriptive power of PS grammars, many generative linguists
embrace the noton of #ransformational rules (introduced by Chomsky, 1957). Roughly,
the idea is that a structure generated by a PS grammar can be modified or operated on
to produce a second structure that captures some aspect of language that would have
been impossible or clumsy to capture with PS rules alone (e.g. the reladonship between
a passive sentence and its actve counterpart). More than one transformaton may
apply in the derivadon of a sentence, so a sentence may have many phrase structures
‘en route' to the final one. The iniual and final structures of a derivadon are generally
singled out. The structures serve different functons depending on the specifics of the

linguistic theory and are referred to by different names accordingly. Since the analysis

> This early view that PS grammars lacked sufficient descriptive power has not been entirely
sustainable. There exist fruitful research programs on enriched variedes of PS grammars
(e.g- HPSG and Categorial Grammars) that have managed to overcome at least some of
what were perceived as insuperable barriers early on.
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presented in the thesis does not directly depend on the details of any particular
linguistic theory, I will assume two generic levels and refer to the sentental structures
as the base-generated structure (before any transformations have been applied) and swrface

structure (after all transformanons).

Of importance to most past and current generauve theores is the  morement
transformation operatdon. Movement changes the locatgon of a syntactic item from its
place in the original base structure to a new locaton in the surface structure. For
example, in English, wh-pronouns are moved to the front of a sentence in the
formadon of questdons.

(1) He will give what to the dog.

(2) What will he give ¢ to the dog?

Structure (1) is the base-generated phrase structure. The PS grammar generates (1),
and a movement transformation moves what up to the front of the surface structure,
leaving behind a non-overt syntactic element called a  #race (#), which results in surface
string (2). (Another transformation — subject-auxiliary inversion, reverses the order of
he and u4/l) It is important to note, especially in the study of acquisition, that the base
structure does not appear in the linguistic environment perceived by the learner. That
is, during the course of learning, a child has only surface structures to work with and no

exposure at all to base structures. Furthermore, it is a fact of human languages (at least
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in a generative account) that different base structures may give rise to the same surface
word string. This mayv occur within a single language (e.g., Fhing planes can be dangerons).
It can also occur in cases of cross-linguistic ambiguity; where the rules that make up the
grammars of different languages generate the same surface string. For example, a
surface sequence of Swubject Verb Object may either be generated as a base structure with
no movement (as is common in English) or be derived from a base structure such as
Subject Object 'erb by movement of the verb to the second positon (as occurs in
German).6 Many examples of cross-linguistic ambiguity, such as this one, exist. It
scems reasonable to assume that the degree of ambiguity in natural language is quite
high.” Ambiguity is a natural enemy of language acquisition and, as I will put forth in

what follows, is a critical factor in determining the feasibility of an acquisiton model.

Transformational rules allowed linguists to describe many complex facts of natural
language which PS grammars could handle only with difficulty or not at all. However,
as the facts about specific natural languages were explored in more and more detail, the
explanatory power of the transformations themselves came into question. Many
transformations were essentially ad hoc, descriptive statements of observed facts, and

were postulated with great liberality. As Chomsky and others noted, if there were no

® Natural languages also exhibit within-language ambiguity — where a surface string may be
generated by different sequences of grammar rules drawn from the same grammar. For
example in the sentence: Marr saw Momo the cockatiel on the T/, English grammar allows the
prepositional phrase: on the T1” to modify either Momo the cockatie/ or saw. From this point, |
will use the term ambignity to refer to cross-language ambiguity.

" The exact extent of cross-language ambiguity is stll an important open question. See
Chapter 5 for a brief discussion.
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limits on the class of possible transformations for natural language, transformatonal
grammars might descrzbe but not explain the properties of natural languages. It is worth
noting that Chomsky (1965 and since) defined explanatory adequacy in terms of language
acquisition — an explanatory theory clarifies why a learner selects the grammar she or he
does, when faced with a sample of the sentences of the language. Early
transformational theory permitted too many choices, and offered no good criteria for

the learner's selection among them. 8

Eventually, it proved most successful not to set limits on a class of transformational
rules, but to allow a maximally general transformation ( more €, or even affect @) and to
call on lexical facts and some general principles of syntactic organization to constrain
the legiimate output of any transformatonal operation. A similar shift occurred in the
conception of the PS grammar defining base structures. These became maximally
general principles of what is called X-bar theory (Jackendoff, 1977), which impose
specific internal relationships between phrasal components — regardless of what the
"main" or bead syntactic category of the phrase is. Roughly speaking, the underlying
principles that determine how the ingredients of a noun phrase, verb phrase, and
prepositonal phrase interact are identical. Moreover, these principles hold true across

different languages with small but sharply dclineated distincdons. For example, in

* However, see Wexler and Culicover (1980) who establish a collection of constraints on
transformations that guarantee successful learning on the basis of sentences with two levels
of embedding (degree-2 learning).
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English the head of a phrase (e.g. a verb or a prepositon) comes before its argument

(e.g. an object), whereas in Japanese, the head follows its argument.

This principle-based (as opposed to rule-based) theory of phrase structure and its
transformation became known as Government and Binding Theory, ot GB Theory. As will
be shown below, this incorporated a new concepton of how natural languages can
differ from each other, and permitted an entrely novel concepton of language
acquisidon. In order to establish a basis for the computational research presented in

the thesis, only three aspects of GB syntax are relevant

L. X-bar theory

i Movement (and other) transformations (and the notons of base structure and

surface structure)

iil. Natural languages are assumed to share the same innate universal principles
governing i and ii and to differ only with respect to their lexicons and the

settings of a finite number of parameters.

This explicadon of human language is often called the prinaples and parameters (or P&P)
hypothesis or framework. The principles and the parameters consutute Unizersal
Grammar (UG): a lexicon and an array of settings (or values) of the parameters
constitute a natural language grammar, which combines with UG to generate a

pardcular natural language. Thus the parameters represent the points of variaton
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between languages. For example, all languages have subjects of some sort, but whether a
language's grammar dictates that the subject must be overt is determined by the settung
of the "null subject” parameter. Overt subjects are required in English, but not in
Spanish. Consequently, the null subject parameter is set "off" for English and "on" for
Spanish. Within X-bar theory, GB posits a parameter setting for the positon of the
head of a phrase in relagon to its argument(s). As noted above, in English the head

precedes the argument; in Japanese the argument precedes the head.

Language acquisitdon is the process of selecting the correct value of each such

parameter for the language the learner is exposed to. ?

The dissertation presents a method of analyzing computational learning models in the
P&P framework. But before such models are discussed in more detail it is important
to place the P&DP framework clearly with respect to the natuvist/empiricist debate
discussed in section 1.1. Are the principles of human language innate or learned? P&P

modecls (as most of generaave linguistics) take the Zunateness of the principles as a basic

’ The most recent work within transformational theory (Chomsky, 1995) has altered many
details of derivations (giving up the nodon of a significant level of deep structure, for
example), but has retained the idea that languages differ only lexically or with respect to a
relatively small number of syntactic factors that interact with general syntactic principles.
Parameter values are now identified with specific syntactc features on 'functonal’ heads.
However, the general notion of parametric variation is retained and the conception of
language acquisition as parameter setting therefore also carries over from the P&P
framework.
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mandate.!® Universal Grammar is universal becanse it is innate; it is an aspect of human
biology. The only thing that is not innate, besides the lexicon, and which therefore
needs to be lcarned, is the proper settings of the parameters that contribute to
determining the surface strings of the language the learner is encountering. However,
there are many acquisiton models in which language structure is not innate, ie., for

which there is no UG at all. These warrant brief menton.

1.3 Non-generative Accounts of Acquisition

There has been much important recent work in the field of non-syntactically grounded
language acquisidon models. They can be grouped into three broad methodological

catcgories: connectionist, calculationist'’ and cogmitivist.

The connectonist approach employs a computatonal device that coarsely mimics

behavior exhibited by biological neurons. !> There are many fruitful variatons of this

" An interesting alternative development within the generadve tradidon is Optimality
Theory or OT (Prince and Smolensky, 1993), in which a grammar is a set of ranked
constraints. The constraints are innate and the ranking is learned. Varadon between
languages is created by different rankings of the same constraints. Although OT has been
successfully applied in phonology, and several interestng learnability results have been
produced (Tesar and Smolensky, 1998), it is unclear whether cither the explanatory power
or the learnability results will translate smoothly to the domain of syntax. Acuve work in
both areas is ongoing at this tme; see, in particular, Grimshaw (1997) and Bresnan (1998)
for OT-based syntactic analyses.

'"" A more traditional term would be statistical. However the term calecnlationist better indicates
research that incorporates not only statistical methods, but also techniques from machine
lcarning, genctic algorithms and other information theoretic paradigms.

'* The most common implementations are a specific type of artificial nenral network, calied a
simple recurrent network (SRN). However there are other devices with a strong
connectionist affinity that do not specifically implement standard neural networks.

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



11

approach, which has been promulgated for syntax learning most notably by Jeff Elman
(sce Elman 1995, Elman et al. 1997 and references therein). The calculatonist
approach includes models of learning that make use of statistical, probabilisuc or
information theoretdc techniques (cf. Charniak 1993, Brent 1996, Brill 1993, Clark
1992; in press, Jurafsky 1996, Pearlmutter et. al 1994, de Marcken 1996, Finch 1993,

among others). !3

Both connectionist and calculadonist models are data-driven, rather than principle-
driven, in the sense that they look for regulariies within the words and strings of a
corpus (consttuting the input to the learning model) and on this basis assign a
structure to the language being learned. Contrary to the innateness assumption, a/
structural informadon '* must be discoverable in the data — there is no preexisting
innate language mechanism that can be brought to bear during acquisiton. It is
worthwhile to point out that a common misconception of these paradigms is that they
do not generate, learn or make use of any rules. This may or may not be the case. For
example, Kremer, in his 1996 dissertation, investigates which types of formal language

grammars (made up of rules) are learnable by canonically restricted neural networks.

"* It should be noted that there is some overlap with generative linguistics. For example,
Charniak i1s concerned with stadstical approaches to PS grammars and Clark is concerned
with informaton theoretic approaches to parameter setting.

" Some of the non-generatdve schools avoid the term "structure” altogether and view the
learning process as designed to recognize distributional patterns rather than determine
structure. However | forego addressing the interesting queston of whether patterns
constitute or at least imply structure and use the term structure to include either type of
description.
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The cognitvist approach, developed most notably by George Lakoff and Ronald
Langacker, eschews the idea that language (and language acquisition) can be studied as
an independent part of cognition. The belief is that language is a functon of overall
cognitve processing, inextricably related to other cognitve systems such as the visual
svstem, motor system, emotions, etc. There is unfortunately litde work on
computadonal models of acquisition within this framework. However there exists
some recent integration with connectionist approaches (cf. Feldman et al 1990, Reiger

1996).

The main disadvantage of these non-generative approaches is that, since they cast aside
an exisung base of linguistic theory, researchers in language learning are in the positon
of having to explain both what is learned as well as bow it is learned. This may be one
reason that there has been little progress towards achieving cross-linguistic learning
results. For example, statstical context free grammars have been applied with some
degree of success to approximate human ambiguity resolution preferences in English;
however, a single system has not been developed that performs across several (much
less many) languages. Likewise, the connectionists are able to demonstrate how one
ardficial neural network or another is capable of predicting parts of speech. But again,
most research is circumscribed by a single language and in turn is usually restricted to a
small subset thereof. Whether this is a constitutional limitation or can be overcome by

future refinements of the approach remains to be seen.

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



13

The primary advantage of these approaches is that they dovetail with research in areas
outside of linguistics but sall within the realm of cognitve science. In recent vears,
connectonist research has surged forward and broadened in scope almost to the point
of becoming the center of a unified philosophy of cognition. And many calculadonist
approaches to syntax acquisiton borrow heavily from advances in statistical pattern
recogniton and machine learning that have been applied with significant success in the

ficlds ot speech recognition, information retrieval and visual recognition among others.

To summarize: the computational learning mechanisms of the non-generatve models
are well understood because they parallel existing methodologies, but it is difficult to
ascertain the power or precision of their predictions without a cross-linguistic theory of

language.

In conrtrast, the many detailed language descriptions given within the generatve
framework (especially within the P&P framework), provide a rich testing ground for
acquisition theories. Of course, there is no guarantee that generative linguistics will
continue to be successful, but at present the research is rich and active, and stable
cnough to make it worthwhile to explore in detail how the acquisiion of P&P

grammars may proceed.
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1.4 The Principles and Parameters Framework

In the P&P framework, the syntactic component of a grammar is simply a collection of
parameter values — one value per parameter. The set of hurman grammars is the set of
all possible combinations of parameter values. !> These parameters are standardly taken
to be binary and their two values to be mutually exclusive. It is not yet known how
many syntactc parameters there are (sce Roberts, in press, for discussion). If natural
language requires 30, then there would be 23 = 1,073,741,824 possible grammars,
assuming there are no co-occurrence constraints limiting the combinatons of values.
Importantly, the number of distinct grammars (hence the number of languages) is

exponendal in the number of parameters.

The P&P framework was modvated to a large degree by psycholinguisic data
demonstrating the extreme efficiency of human language acquisidon. Children acquire
the grammar of their native language at an early age — generally accepted to be in the
neighborhood of five years old. In the P&P framework, even if the linguistic theory
delincates over a billion possible grammars, a learner need only determine the correct
30 values that correspond to the grammar that generates the sentences of the target
language. Indeed, in the extreme case, only 30 learning events need to occur — one that

selects the proper value for each parameter.

** Issues arise when a language does not exhibit a parameterized feature that exists in another
language. "Irrelevant” parameters control properties of phenomena not present in the target
language, such as cliic order in a language without clitics. In the absence of clitics, any
setting of a clitic-order parameter would generate the same language (set of surface
structures) as any other. See further discussion below:.
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1.4.1 Learning in Parametric Spaces and the Parametric
Principle

Learning in the P&P framework is simply the process of determining the parameter
values that consttute the target grammar. The classic view !¢ is that of a parameter as
an on/off switch and parameter setting as flipping a switch. The idea is that an input
sentence is processed by a learning device which can recognize in it some property that
reveals either the o or the off setting of some parameter. The learning device then
simply flips that parameter switch to the correct setting, if it is not already so set ( Figure
1 below). However, this does not work for natural languages because natural language
parameters reflect deep propertdes of a language that are not readily revealed in the

surface word order of a sentence.

" The material in this section largely follows Janet Fodor's presidential address for the
Linguistcs Society of America in 1998.
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grammar
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» sentence structure

Figure 1. A simple parametric learning architecture.

The learner receives the input

sentence and

consequently flips the appropriate parameter switches

so that the sentence structure can be determined.

As a simple example, consider that English is verb-initial — the verb comes at the

beginning of a verb phrase. Japanese, on the other hand, is verb-final. In accord with

the switch-tlipping metaphor, imagine a parameter switch called the "V-before-O"

switch. If the switch is on, a main verb precedes its objects; if off, objects precede the

main verb. (This is one instantation of the X-bar theoretc head/argument direction

parameter from Section 1.2 above.) Assuming that the target grammar is English, the

learner will receive input sentences such as Gieve the ball back! and [ nill eat the cake with

Jou. Both of these appear to be evidence that the parameter should be flipped to the

on position. However the learner will also encounter sentences like: This ball, we never

take! and What games does Jaime play? These are clearly grammadcal English sentences.
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(English) (Japanese)
on off

Figure 2. English setting of the V-before-O parameter

Just as clearly, the V-before-O parameter shouldn’t be set to the off position, even
though in these sentences the main verb comes affer the object. The reason is that the
underlving order (which is relevant to the parameter) can be altered by movement
operations, so that the correct value for the parameter is not apparent from the surface
word order. Only after determining which transformational operations have been
applied can the switch be flipped to its correct position. But in order to determine the
correct derivation of Verb-Object position, one would need to know the settings of the
parameters that govern the position of the subject in relaton to the verb and object.
But the learner may not have learned those settings before attempting to set the V-

before-O parameter.

There is a paradox here as Valian (1990) has pointed out. To set parameters, one needs
to know the structure of the sentences one hears. In order to determine the structure
of a sentence, one needs to know the grammar that generated it. But the grammar is
not known — it is what the learner is trying to learn. One way around this is for the

learner to hypothesize that the parameters that govern subject-verb order are set in
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some way and then try out or test a setting of the V-before-O parameter. If the test is
unsuccessful the learner would reconsider and attempt a different setting of the
subject-verb parameters in order to test a new hypothesis about the setting of the V-

before-O parameter.

learner
A If sentence is not
( \ parsable. (NOT OK)
grammar

<L

sentence———» parser — Sentence structure (OK)

Figure 3. Hypothesize-and-test architecrure. A
grammar is in place. The parser uses that grammar to
process a sentence. This yields an OK/NOT OK
result. [f the parse test is OK then the learner outputs
the structure and retains that grammar. Otherwise the
learner hypothesizes other parameter settings in an
attempt to get a successful parse.
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[t can formally be shown that there exist necessary and sufficient conditions that
guarantee that this hypothesize-and-test strategy will eventually converge, i.e. that all of
the parameters will eventually be set correcty for the target language (cf. Bertolo in
press for an applicaton of Angluin's 1980 context-free learnability theorem 7 in a proof
establishing that parametric systems of this sort are learnable). Although these
conditons allow for a large class of formal languages, it remains to be shown that the

class of human languages can be counted among them.

Furthermore the model faces a potentially enormous computadonal workload. In
order for the leamer to finally hypothesize the correct grammar, repeated parsing needs
to be executed. Suppose, as in the previous section, that there are 30 independent,
binary parameters. The total number of grammars is 2 3 (over one billion). The worst
case is where a sentence requires that all 30 parameters be set correctdy and where the
current hypothesis is exactly the opposite of the correct grammar for the target
language: cach and everv switch needs to be flipped to its opposite positdon. In this
case, the sentence might have to be parsed over a billion times — once by each possible
combinaton of settings. (The exact number of parses would depend on the precise
strategy the lecarner uses to choose which parameter to test next. It could be even
higher if the grammars are unordered and/or no record is kept of grammars that have

been tricd and failed.)

" Although Gold is not normally credited for this parametric learning model, this was almost
exactly his original paradigm. The differencc is in the way that grammars are chosen to test.
In his (and Angluin's) work whole grammars are enumerated without the use of parameters.
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But now, the hypothesis-and-test learner is essenually entertaining whole grammars
(using the parameters simply as a2 method of coding or enumerating the grammars) and
circumventing the cardinal benefit of the P&P framework: efficiency. By evaluating
whole grammars and not setting individual parameters, the learner is violating what we
have called the Parametric Principle: set individual parameters; do not evaluate whole grammars

(Fodor, 1998; Sakas and Fodor, in press).

In this crude form, the hypothesis-and-test learning procedure has not been advocated
as a model of human language acquisiton. The thesis will present analyses of two
exisung models of acquisiton which are more sophisticated. One, Gibson and
Wexler's Triggering Learning Algorithm (TL.A) (1994), attempts to improve on the
hypothesis-and-test model by adding attracuvely simple heuristics to the learner's
strategy for selecing which parameters to test and when to test them. The other,
Fodor's Structural Triggers Learner (STL) (1995, 1998), is a parametrically principled
learner whose strategy for parameter setting is to avoid guessing in the face of
ambiguity. It scts no parameters unless the input sentence gives perfect (unambiguous)

evidence for the correct settngs.

The basic result obtained is that parameter setting can be very hard work for either
model. Although there are situations under which either model can feasibly acquire the
grammar of an arbitrary target language, I will show that constraints on the input must

be adhered to for successful learning in both cases.
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1.5 The Methodology and Scope of the Thesis

Several broad ideas will serve as the foundation for the thesis:

® Generatve linguistics in the principle and parameters framework is an active and

fruitful area of research.

® Results from formal modeling and computational simulaton can point to novel
questdons in linguistics and psycholinguistcs and promote research that will help to

refine current theories.

® The circumstances leading to the success or failure of a proposed model of
language acquisition is insufficient as a measure of a model's goodness. The
computatonal workload of the learner during the acquisiion process must also be
examined. That is, for a psychologically realistic model (as noted by Pinker 1979),

feasibility is as important as learnability per se.

® A major factor affecting feasibility is the degree of parametric (i.e. cross-linguistic)

ambiguity inherent in the language domain.

1.5.1 Goals

The primary goal will be to construct a stochastic framework for modeling language
acquisiton that will be general enough to apply to substanually different learning

strategics. Though a stochastic characterizaton of parameter setting cxists (see

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



discussion in Secton 2.2.1 below for an overview of Nivogi and Berwick's framework),
the work presented here extends it by focussing on the following characteristics which

are not present in the existing formulatgon:

® A characterizaton of parametric ambiguity that can be used to compare and
contrast various learning models by isolating the strengths and weaknesses of their

core strategies.

® An abstracdon of the language space in terms of parametric ambiguity which can be
manipulated to mirror existing linguistic nottons, so that different learning scenarios

can be evaluated.

These abstractions are compatible with authentc linguistic analyses of the natural
language domain, but nevertheless allow an evaluaton of learning procedures that is
not ted to the details of any one variety of linguistic descripuon within the P&P

framework.

Specifically, two important questions will be addressed:

® Arc the internal mechanics or heuristics that are embodied in the learning
architecture beneficial? Are they efficient or wasteful? Do they make feasible

learning possible?
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® \What are the bounds on the shape of the language space (in terms of the

distributdon of ambiguity) that are required for feasible parametric learning?

In short, the thesis attempts to answer the question: Given a parameter settng

procedure P, under what condidons is P a feasible learner for natural languages?

1.5.2 Contributions

The main contributons of the thesis are the following:

® A methodology for determining the feasibility of parameter-setting models of
acquisidon that incorporates an abstraction of language centered on the rate of

cross-linguistic (parametric) ambiguity.

® Results from the examinmadon of two influendal parameter-setting learning
procedures that establish bounds on the linguisdc environment (with respect to
parametric ambiguity) that must be in place in order for either to be a feasible

model of language learning.

The study of language learnability has a long and fruitful history. The thesis will not
arguc for or against a particular paradigm in terms of learnability. Instead its focus is
on the efficiency or feasibility of a model. However, the work takes to heart the
clegant abstracdon of traditdonal learnability research in order to put forth a new way of

addressing the simple queston: "Is model P a plausible model of human acquisition?"
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In much the same way as learnability proofs in the traditon of Gold rely on the
computational abstraction of linguistic theory, so does the framework presented in the
dissertation. By formuladng ambiguity so that computadonal methods can be
emploved to study learning performance, the thesis provides a valuable way to delineate

bounds on the distribution of ambiguity that must respected in order for a learner to

succeed.
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2 Formalizing the Acquisition Process

2.1 Definitions

In this chapter, an initdal formalizadon of parameter setting is presented. Inidally, I
take the view of syntax acquisition as state space search where each state represents a
grammar and the learning algorithm entertains a single grammar at a dme. '® As the
lcarner receives input sentences, it decides whether to retain its currently hypothesized
grammar or to 'shift’ to another grammar in the space. Later in the thesis, an
altermative framework is presented where parameter values, rather than grammars,

underpin the states of the system.

The following definidons will make concrete several of the notions discussed up to this

point as well as being useful for the discussions that follow.

® A grammar, denoted as G,, G,,...., is a vector of parameter values.
® A parameter , denoted as pi, pj,. ..., Is an index of an element in a grammar vector.
® A parameter value is either O or 1.

® The target grammar Guy, is the grammar that is to be acquired by the learner.

* See Clark, 1992; Nvberg, 1994 and Yang, 1999 for models which entertain more than one
grammar at a ume.
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® A parameter space, denoted as H,.,!? is the set of all possible grammar vectors of size
n, with one grammar marked as the target grammar G g The learner's currendy
hypothesized grammar at any point in the learning process is denoted as G cun.

®  Gar — G denotes a change of hypothesized grammar, made by the learner, from
grammar Gcur to Gi .

Figure 4 presents an example of a possible state space for parameter space o,

\ n -
.

—( -

Figurc 4. A possible state space for parameter space ‘H;
Nodes represent grammars and arcs represent a possible
change from one hypothesized grammar to another; the
arcs are compelled by specifics of the learning algorithm
and the input it receives. The target grammar to be
achieved 1s Gugq = 111 and the leamer is currendy
entertaining Gea.r = 010.

" Technically H should have two subscripts — one for the number of parameters and a
second indicating the target grammar. For clarity, the second is omitted since it will be clear
from the context which grammar is being considered as the target.
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Nivogi and Berwick (1996) point out that the process of acquiring parameter settings
can be formalized as a Markov structure with probabilities assigned to the arcs in the
state space diagram. Moreover, feasibility results can be obtained by applying standard
Markov theory. This important insight serves as the springboard to the work that is
presented in the thesis and hence warrants some discussion in the next section. But

first, some more definitions need to be in place.

® A\ /nput or an input sentence, denoted s, 4,...., is a string generated by the target
grammar and consumed by the learner. Unless otherwise specified, an input is

arbitrarily drawn from L(G ar).

® A\ frgger is an input that causes the learner to change or "flip" one or more
parameter values. Equivalently, a trigger is an input that causes the learner to shift
to a new grammar hypothesis. The resulting parameter value or grammar need not

be correct.

® The fext or input sample is an ordered random selection of strings from the target
language L(Gug). That is, it is simply a stream of sentences (repeats allowed)

generated by the target grammar.

*' This definition differs from other notions of triggers. See, in particular Gibson and
Wexler (1994) and Frank and Kapur (1996) for extended discussion on useful formuladons
of the notion of a trigger.
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e To parse an input, given grammar G, means to make the determinadon that a

sentence s belongs to the language generated by G 4, i.e. to determine that s€ L(G)).

® A\ sentence s, is ambiguons between grammars Gi, G;, Gk .... if s can be parsed by

G, G, Gk ... Insuch cases, s€ L(G;)) N L(G;) N L(Gy).

2.2 Parametric Learning as a Markov Process

A Markor process (or system or chain) is a stochastic process in which the resulung
behavior of the process at ime ¢/ is entirely determined by the state of the process at
tme ¢ — 1; future behavior is not predicted by past behavior. 2! Markov processes
accurately model systems that have no memory. A system in state S always behaves in
exactly the same way, regardless of how long it has been in state § or what other states

it has passed through (or not passed through) on the way to §.

As a simple example consider the transition diagram below.

*' In many formulatons, including the one presented in this dissertation, time is measured in
terms of number of inputs. E.g. #= 20 means 20 inputs have been consumed by the system.
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Figure 5. A Markov transition diagram.

Imagine that the learner is in the state of entertaining grammar G o and receives an
arbitrary input sentence (generated by the target grammar, G wr). The diagram
indicates that there is a probability of 'z that the learner will remain in state G oand a ¥4
chance that it will shift to entertain either the target grammar or grammar G 1. Likewise
if the learner is entertaining G 1, there is a 1/3 chance that the target will be acquired
after an input, a 2/3 chance the learner will shift to state G o, and zero probability of the

svstem remaining in state G 1.

Several points should be made about this formulation. First, if the learner is in state
Gur, the probability of remaining in G g is equal to 1; no other transitons are
possible. This would be the case if the input sample is generated by the target grammar
and the learner is error-driven (see Section 3.2 below) in that it will not entertain a new

grammar hypothesis if the current grammar can parse the input. In Markov terms,
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Guure Is called an absorbing state and a system that contains at least one absorbing state is

called an absorbing system. All the non-absorbing states are referred to as fransient states.>

Second, the sum of the probabilites of all arcs leaving any given state must equal 1.
Although the actual probabilities are determined by the specifics of the learning
algorithm and the input sample, all possible outcomes must be accounted for. Finally,
the diagram can be converted to a transidon matrix where the left column indicates the
current state of the system and the top row indicates the resulting state after an input is
consumed, with the transition probabilides making up the heart of the matrix. This is

illustrated in Figure 6 — transidons between transient, non-absorbing states are shaded.

| Go Gi  Gug
G [1/2 1/4 1/4
G |2/3 o 1/3
Gug | O 0 1

Figure 6. A transivon Matrix derived from the chain
depicted in Figure 5 above. The submatrix .\ that gives
the wansiton probabilives of the trunsient (non-
absorbing) states is shaded.

There is a large arsenal of exisung Markov techniques that can applied to Markov
processes in general and to absorbing systems in particular. I will make use of a

relatively straightforward technique that is used to determine the average number of

= Two technical notes. For most of the mathematics of absorbing systems to apply, the
absorbing state must be reachable from all transient states. Also, a system that contains a
class of states (more than one) from which there is no 'escape’ can also be treated as an
absorbing svstem even if there is no single absorbing state.
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inputs that the svstem can be expected to consume before entering the absorbing state

(Gry, in this example).

The fundamental matrix Q of a transition matrix of an absorbing system is defined as the
inverse of the identdty matrix I (= 1 on the diagonal, 0 elsewhere) minus the (sub)matrix
2\ that gives the transidon probabilides of the non-absorbing or fransient states (see

Figure 6),. that is:

Equadon 1 0= (I_ ‘\‘)’

From the example above, Q can be established as follows:

([ o] Jw2 1/4'
Q= 0 1| |[2/3 o0

Q_‘3 75
1215

The row sum of the fundamental matrix 0 gives the expected number of inputs to
absorpdon starting from the corresponding state in the original transition matrix. So,
starting from state Go, the number of inputs the system will consume, on average,
before entering state G ng (the absorbing state) is 3 + .75 = 3.75, and starting from

state G1 the average number of inputsis: 2 + 1.5 = 3.5.
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Clearly, the formulation of acquisiton as a Markov structure readily allows for the
derivation of feasibility results in terms of the number of inputs consumed during the

acquisition process.
The basic procedure I will follow is:

e Determine and define linguistcally relevant factors that will determine the shape of

the learner's environment;

e Dectermine the transiton probabilities based on the internal mechanisms of a given

learning algorithm and how it will respond to the environment;

e Calculate the fundamental matrix, which will yield the expected number of

sentences required for the learner to converge on the target.

2.2.1 Niyogi and Berwick's Approach

Nivogi and Berwick (1996 and elsewhere) point out that many psycholinguistic
accounts of learnability make the assumpdon that the human learning mechanism is
memoryless and thus can be modeled as a Markov process. They cleverly exploit
Markov theory in order to attain both learnability and feasibility results. This is
important because it represents the first applicaton of Markov chain theory to a
parameter-seting model of natural language syntax. Niyogi and Berwick also uncover

a subtle aspect of stochastic learning algorithms that affects their ulimate success or
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failure, and that had previously been missed in the learnability literature. Specifically,
they show that success is not solely dependent on whether a series of triggers exists in
the environment that can lead the learner to the target. Rather an algorithm might,
with some degree of probability, wander off the "correct” path into a state from which

no triggers exists that will guide the learner to the target.

However, their discussion leaves several important questions unanswered. Although
their learnability results are general in that they give necessary and sufficient conditons
for a target grammar to be unarttainable, the feasibility results they present are ted
directly to the idiosyncrasies of the parameter domain under investigadon. This is
because the method they employ to compute the transition probabilites relies on the
intersectons of neighboring languages in the parameter space and therefore is bound
to the particular compositon of the languages in the space. Niyogi and Berwick point
to the fact that their formulation can be used to "falsify" or "validate" certain kinds of
paramctric theories on general grounds of feasibility, but leave open the queston of

how to do so.

They also admit that in order to apply their methodology to a parameter space of
reasonable size, one would be required to manipulate extremely large matrices. For 30
parameters, the transition matrix would need to be 2 30 x 230 elements. Any calculatons
involving a matrix of this size would be computadonally intractable. This leaves open a

second crucial queston of how the size of the input sample required for successful
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learning scales up as the number of parameters increases. This is because the
dimension of the matrix increases exponentially with respect to the number of
parameters in the domain. Five parameters would require a matrix of 2 3 x 25 = 32 x 32

clements, whereas 30 parameters requires 2 30 x 230 = 1,073741,824 x 1,073,741,824

elements.

This dissertaton builds on Nivogi and Berwick's work by presenting a tractable
probabilisdic framework that can distunguish among different sources of learning
difficulty and their effect on the acquisiton process, as the size of the parametric

domain expands.

The thrust will be to abstract away from the linguistic particulirs of the language space
(such as the exact sentences that make up each language) by isolating factors that will
capture broader linguistic notions and by incorporating these abstracdons into a

Markov model. One such noton is that of smoothness which 1 discuss below.

2.3 Distance from the Target and Linguistic
Smoothness

In order to get a handle on performance as the size of the scarch space increases, |
consider classes of grammars that share a property or propertics that allow the learning
process to be tractably modeled. One useful metric is to characterize a class of

grammars by their distance from the target grammar.
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w

grammars

G-Ring G2

G-Ring G,

target grammar
Gtarg (G'Ring Qo)

Figure 7. Parameter space ‘H: with Gag = 1111. Each G-Ring
contains exactly those grammars a certain hamming distance from
the target. For example, ring G- contains 0011, 0101, 1100, 1010,
1001 and 0110 all of which differ from Gug by 2 bits.

Definidon:
e A G-Ring (G) is a set of grammars that share the same hamming distance # (the

number of parameter values that differ) from the target grammar

G ={GeH, | hGuay,G) =i}
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Unless otherwise specified, I will assume in what follows that the target grammar G aq:
is the vector consisting of parameter values that are all equal to 1. There is no
generality lost by this convenient assumpdon. It is easy to define an isomorphism that
maps the parameter space under this assumption to another parameter space with an

arbitrarily chosen target grammar.

Using this approach, the learning process can be viewed as the learner moving (or not)
from a grammar in one G-Ring to a grammar in another G-Ring, rather than from one

grammar to another grammar.

This helps to make concrete the linguistic notion of smwoothness. Basically, smoothness
means that there is a correlation between the similarity of grammars and the similarity
of the languages that they generate. Two requirements on the parametric space will be

considered in the analysis in the chapters that follows. They are:

o Weak Smoothness Requirement — All the members of a G-Ring can parse s with

an equal probability.

e Swong Smoothness Requirement — The parameter space is weakly smooth and
the probability that s can be parsed by a member of a G-Ring increases
monotonically as the index (i.e. distance from the target) of the G-Ring decreases.
Basically, the closer the G-Ring to the target grammar, the higher the probability

that a grammar in the ring can parse .
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By establishing smoothness requirements using G-Rings, I will tractably model the
learning process using the Markov techniques described above. This is possible
because the transidon matrix need only be of a dimension equal to the number of
parameters plus one ( = number of G-Rings) rather than a dimension exponendal in
the number of parameters (27, » = number of parameters). Of course, some linguistic
accuracy is lost. It is almost certainly true that natural languages are not weakly
smooth. A language may be vasty different than other languages that are similarly
distant from the target. Chomsky (1988) notes that a change of even one parameter
value may make a considerable difference to the surface sentences of the language.
Sdll, modeling smoothness is a worthwhile endeavor. Results presented in the next
chapter strongly indicate that smoothness plays a large role in terms of acquisition

feasibility.
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3 The Triggering Learning Algorithm

In 1994, Gibson and Wexler (henceforth G&W) in a seminal article presented the
Triggering Learning Algorithm (TLA), a procedure for learning the settings of linguistic
parameters. See Table 1 for a description of the algorithm. One significant aspect of
this research is that the TL.A embodies many important concepts that had existed in
the acquisition literature in different guises (see partcularly Clark 1992). Also of
importance is the language space that G&W construct to test the TLA. The space is
based on three linguistically authentic parameters, and G&W use it to show under what
circumstances a language domain is learnable by the TLA. Given that the TLA model
embodies some psvchologically and linguisdcally desirable features, and that finite
parameter spaces are presupposed to be easy to learn, a notable and somewhat
surprising result is that the TLA sometimes fails to acquire the target because it gets

trapped in local maxima within this very simple parametric framework.
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Repeat until convergence (Geyr = Guarg):
1) Receive a string s from L(Guy).
2) If s can be parsed by G, do nothing (goto 1).
Otherwise change a single randomly chosen
parameter to its opposite value.
This yields a new grammar (Gnew)-
3) If Gnew Can parse s, make G, ew the current
grammar (G, ¢~ Goew)-
Otherwise, don't change G-

Table 1. The Tnggering Learning Algorithm (informal
description).

In what follows, I first review the space of grammars and languages that G&W
construct and then present a more detailed characterization of the algorithm and finally

a probabilistdc analysis of its performance.

3.1 The Language Space

G&\W develop a language domain of eight languages defined by three parameters that

control word order variation. The three parameters are:

e Specifier-Head Parameter (SV/VS) — determines whether the specifier is at the
beginning or end of a phrase. In practice, this parameter determines solely whether
the subject precedes the verb phrase or the verb phrase precedes the subject. In the
given language domain, the only specifiers are the specifiers of CP and IP, and the

position of the former is fixed as inidal.
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e Complement-Head (VO/OV) — determines whether the complement comes at
the beginning or end of a phrase. In this domain, it determines two linked
propertes: whether the main verb precedes or follows the object, and whether an

auxiliary verb precedes or follows the VP.

e Verb-Second (+V2/-V2) — determines whether or not the finite verb (= the
auxiliary verb if one is present; else the main verb) is moved to become the head of
the CP projecton, with some XP (subject, object, indirect object or adverb) moved

to its specifier position (which is always pre-head).

In short: The SV/VS and VO/OV parameters dictate base structure word order, and
+V2/-V2 dictates whether a pair of movement transformations apply to the base
structure to vield the surface string (an example is offered in (4) — (6) below). These
three parameters define eight grammars as listed in Table 2 which generate the
languages listed in Table 3. Note that there are no rules or parameters for embedding a

clause within a clause, and no recursive operations at all, so the languages generated are

finite.
Grammar  Spec-Head @ Comp-Head  Verb-Second
1 N\Y% oV -V2
2 )% oV +V2
3 SV VO -V2
4 SV VO +V2
5 VS ov -V2
6 VS oV +V2
7 VS VO -V2
8 VS VO +V2

Table 2. The eight grammars that make up the G&W’
parameter space.
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Input sentences are assumed to be tagged with role assignments characterizing the
consttuent words or phrases. The tokens and respective roles they represent are: S
(subject), O or O1 (direct object), O2 (indirect object), V (verb), aux (auxiliary verb)
and adv (adverb). (The adverb in always sentence-initial.) Structure inside such

elements (e.g., internal to a subject noun phrase) is not analyzed.

For example, the English sentence:

(1) Frequently Becky will give the dog candy.

comes to the learner after pre-analysis as:

(2) adv S anx V" O1 O2

which belongs to language 3 in Table 3 below.

A few other simple examples serve to give a flavor of the languages in the domain and

how they are generated. 2> Consider the string:

G SIo

This simple input is licensed by the grammars that generate languages 2, 3, 4, 6 and 8.
The derivation is straightforward in the —-V2 language (Language 3). However, the

derivadons generated by the +V2 grammars involve movement transformations. For

= From this point on, all examples will be in analyzed format, e.g., awx rather than »7/ or
7St
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language 2 (SV OV +V2), the base generated string is S O [ (which follows from the
SV and OV parameter settings). The +V2 setting mandates two movements: V must
move to the second positon in the surface structure, and some other element — in this
case § — moves to the first positon.?* This pair of operations, known as V2
movement, has the following consequences for the surface string. (4) is the terminal
string of the base-generated structure. (3) corresponds to an intermediate structure and
(6) depicts the final surface string.

) s o vV

G) S . O V
| S

6) S Vr, (@) ty

“* In the example that follows, 1 assume XP movement precedes V movement. Since the
TLA makes use of an 'all or nothing' parse test, the details of the derivaton are
inconsequental to learming performance.
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Language 1: sv OV -v2

sv
sov

so20lv

$ V aux

$ O V aux

$02 01 v aux
advsv
advsov
advso2o0lv
adv 8 v aux
adv s 0 v aux
adv $ 02 01 v aux

Language 2: sv ov +v2

sv
svo

ovs

svo2o01

ol vs 02
o2vsol

SBUXV
sauxov
cauxsv
sauxo2olv
olauxso2v
c2auxsolv
advvs
advvso
adv v s 02 o1
advauxsyv
advauxsov
advauxso2o0l v

Language 3: sv vo -v2 (English-like)

sV
svo

svolo2

s auxv

S auxvo

s aux v o1 02
advsv
advsvo
adv s v ol 02
adv s aux v
advsauxvo
adv s aux v o1 02

Language 4: sv vO +v2

sV
s$VoO

ovs

svolo2
olvso2
o2vsol

S aux v

S auUXv o
cauxsyv

s aux v o1 02

ol auxs vo2

o2 auxsvol
advvs
advvso
adv v s 01 02
advauxsv
advauxsvo
adv aux s v o1 02

Language 5: vs ov -v2

vs
ovs

o20lvs

vauxs
ovauxs
oc2olvauxs
advvs
advovs
advo2olivs
sdvvauxs
advovauxs
advo2oivauxs

Language 6: vs ov +v2

sV
ovs

svo

s vo2 ot
olvo2s
o2vots

S sux v
sSauUXov
oauxvs
sauxo201 v
otauxo2vs
oc2suxolvs
advvs
advvos
advvo2ols
advauxvs
advauxovs
advauxo2o0ivs

Language 7: vs voO -v2

vs
vos
volo2s
suxvs
Suxvos
auxvolo2s
advvs
sdvvos
advvolo2s
advauxvs
advauxvos
advauxvolo2s

Language 8: vs vo +v2

sV
svo

ovs

s vol 02
olvo2s
o2vols

s auxv
sSauxvo
osuxvs

s aux vol o2
olauxvols
o2asuxvols
advvs
advvos
advvoto2s
advauxvs
advauxvos
advauxvolo2s

Table 3. The sentences of the eighrt languages that are

generated by the grammars in G&W’'s parameter space.
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Comparable derivations can be worked through by means of which S V O can be
arrived at from the base structures dictated by the parameter settings for languages 4, 6
and 8. (Assuming that movement transformations leave a trace in the pre-movement
positon, the position of the traces of S and V will differ from language to language, but
these are phonologically null and hence are assumed not to be accessible to the

learner.)

The linguistic details — e.g. whether the component movements of V2 are ordered,
whether traces are actually left behind or are deleted, etc. — are not central to the TLA
performance. The important point is that the learner only sees S V O; the base
structure and the derivation are not part of the input. The grammar determines the
derivadon but the grammar is what the learner is attempting to ascertain. This is a
restatement of the parsing paradox (see Secdon 1.4 above): To determine the
derivaton of a sentence, in order to learn the grammar from it, one needs to know the

grammar that generated it.

3.2 The Algorithm

Threc important constraints guide TLA learning. They are:
1) Error Driven Constraint — the learner will retain the current grammar unless the

current input sentence can not be parsed by it.
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2) Single Value Constraint (SVC) — the learner can test a new hypothesis (G new
above) only if it differs by no more than one parameter value from the current
grammar (G curr).

3) Greediness? — The learner can adopt G new only if Guew can parse the current

input.

The TLA neatly sidesteps the parsing paradox by utilizing a parse fest as a method for
experimenting with alternative grammars. On receiving an input string the TLA first
tries to parse it with its current grammar G cur. If this succeeds, no learning is called
for. Though G may not be correct, the learner at least has no specific reason to
belicve that it is wrong. If the parsing attempt with G cur fails, the learner tries again
with a modified grammar G aew that it arrives at by resetting one parameter, chosen at
random. If the parsing attempt with G new also fails, Gaew is no improvement over G ur,
so the TLA retains G curr., in accordance with the Greediness constraint. If G qww does
permit a successful parse of s, the TLA shifts from G cur 10 Gaew. Although Giew is not
necessarily the target grammar, it at least has the merit of being compatble with the
current sentence. This is a necessary condition, though far from a sufficient one, for

being the target grammar. The algorithm is summarized in Table 4.

* Frank and Kapur (1996) correctly point out that "Grecediness" is a bit of a misnomer for
this constraint — at least if the name is intended to parallel the traditional 'greedy’ algorithm
of computer science. Strictly speaking, a truly greedy TLA would consider  serera/ grammars
(tvpically the number is constrained by a locality heuristic) and pick the best (as determined
by an objective function) to adopt as its new hypothesis. Since the TLA randomly picks a
new grammar to test, it is not greedy in this sense.

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



46

n «— the # of parameters )
Gearr € a grammar Error-driven

Gan €— a grammar

while Geaurr # Gane
s é— Gax - generate_a_sentence() SVC
if Geurr - can_parse(s) do_nothing
clse
1 ¢ random (1, n)
Guew ¢ Geurr . thp_parameter(l)

tf Guew - can_parse(s)
Gt’uﬂ — Guew } *—-/___-I G‘m

else do_nothing

Table 4. The Tnggering Learning Algorithm

The three constraints are intended to promote local hill-climbing in the state space of
grammars. After each application of the parse test, Greediness and the SVC are meant
to work in tandem to propel the learner's current hypothesis closer to the target
grammar as learning proceeds. The idea is that Greediness provides a simple heuristc
to evaluate grammatical 'betterness' and the SVC keeps the leamer from wandering too
far astray in the grammar space, losing gains it made in prior learning tnials. The point

at which each constraint comes into play is shown in Table 4.

Berwick and Niyvogt (1996) and Berwick and Nivogi (1996), by running a simuladon,
demonstrate that these constraints do not afford the TLA any reliable advantage over
an algorithm that picks grammars at random at least for the small three-parameter

domain developed by G&W. From Berwick and Niyogi (1996):
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"The curve with the slowest rate ... represents the TLA. The curve with the
fastest rate ... represents a random step algorithm with no Greediness
Constraint or Single Value Constraint. Rates for Random Step with either the
Grecdiness Constraint or the Single Value Constraint lie between these two and
are very close to each other. The curves for cases where the target is some
[other] language ... are similar, though not depicted here; Random Step
generally dominates the TLA."

They also give anecdotal examples where the constraints clearly steer the learner away
from the target based on idiosyncrasies present in the language space being searched.
In addition, I have demonstrated that although Greediness by itself (without the SVC)
keeps the learner in the vicinity of the target language, it does so at the cost of requiring
the learner to parse an inordinately large number of sentences before making a shift to

a new grammar closer to the target (Sakas and Fodor, 1997).

What has remained unanswered is the queston: how do the SVC and Greediness
interact in general, especially in domains with more than three parameters? The

sectons that follow address this queston.

3.3 A Probabilistic Formulation of the TLA

Figure 8, below, depicts the local state space of a TLA learner. The actions taken by
the TLLA are represented by the arcs and are based on the outcome of the parse test

applied to a sentence from the target grammar. Following Niyogi and Berwick (1996),
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a Markov structure can be created from the state space by determining the probability
that any of the arcs is traversed. The structure can then be used to calculate the
learning rate of acquisiton. The approach presented here differs from Niyogi and
Berwick's in that the probabilities are formulated incorporating broad factors that
indicate the general shape of the domain as opposed to characteristics of a specific
domain under study. (See Chapter 2 for discussion.)

SvC

Gaur = 010. Grew =random G € {000, 110,011}

Error-driven

Se L(Gcw)
$& L(Gan) A Grew =110 A s€ L(Gi10)

s€ L(Gas) A Grew = 000 A seL(Gooo)

s L(Gan) A Grew =011 A s€ L(Gots)
S& L(Grew)

Greediness 0

Figure 8. Local state space for the TLA. Gar = 010.
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e Let o denote the ambiguity factor of grammar G, O is the probability that G,

can parse an arbitrarily chosen sentence from the target language L(G uq).

Pr(s € L(Gug) As€ L(Gi) ) or Pr (s € L(Gug) NL(Gy))

® Let Ai, denote the overlap factor. A; is the probability that an arbitrarily chosen

sentence from the target language is parsable by both G ., or G;.

Ay = Pr (s € L(Guag) N LG N L(G)).

Note that A; = A,; and when j = farg then Aj = .

e Let T; denote the probability of picking or looking ahead at a new hypothesis
grammar G, from Gaur.?% Following G&W, T is assumed to be constant across all
parameters. Thatis, Y j, T = 1/n, where 7 = the number of parameters. Note
that picking is not the same as mowing. The learner might or might not subsequently

move to G;depending on whether G can parse the current input.

Now, the probability that the learner moves from G e t0 Gaew after receiving input
sentence s is equal to the probability that G cur can nof parse s, imes the probability that
the TLA picks Guew In an attempt to parse s, tmes the probability that the G aew an

parse s given that G aurr can not parse ».

* A more rigorous notation would be to incorporate two subscripts on T, the first denoting
the current grammar. However the current grammar is always identifiable from the context
and so, for readability, the corresponding subscript is not used.
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Pr(Gaur = Goew) = (1-Okur ) ( Taew ) Pt (Gaew can parse s | Gaur can't parse s)

where

Pr(Gaew can parse | Geur can't parse) = ( Olnew - Acurr . new ) / (1-Ocurs)

So,

Pr(Gar = Gaew) = ( 1-Olcurr ) ( aew ) ( Olaew - Acurr . new ) / (1-Oleurr)

The (1-Cleurr) terms cancel leaving:

Equauon 2:

Pr(Gnm 4 Gncv.-) = ( nm:\b) ( Claew - )-curr ,ncw)

And the probability that the learner retains the current grammar after consuming an

input sentence is:

Pr(Gaur = Gar) = Ourr + 2 (1-Olcurr) Tk (1 - Pr(Goew can parse s | Gaur can't parse 3) )

= Cleyrr + > (1‘acurr) T (1 - (a«w\x‘ }-curr.ncw) / (1'acurr))

= Olcur + £ Tk ((1-Okcurr) - (1-Oleurr) ( Olnew = Acurr . new ) / (1-Oleurr) )

= Olcurr + > nk((l'acurr)'(anc“"lcurr,ncw))
Equauon 3:
Pf(G - chn:) = acurf+ Z nk ( 1- acun' - anc\r + }‘

curr curr | HC\l')

Z's are sums over £, where £ € { /: G, differs from G cur by one parameter value }
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Retendon of Geaur occurs if 5 can be parsed by the current grammar (occurs with
probability Olurr) or if for all grammars G that differ by one parameter value from

Gaurr, the TLA picks Gk and Gk cannot parse 5. Attaching probabilities to the arcs in

Figure 8 gives us the Markov state diagram of the local state space for the TLA (see

Figure 9).

Tti10 (CL110-Ao10.110)

Ttooo (Ctooo -A010.000)

ot (Co11 -Ao10011)

Toco(1 - Ctoto - Ctooo + A010.000 }) + Tr10(1 - C010- CLi10 - Ao10.110 )) + Rorr{ 1 - Cloro ~Clor1 - Agicon)

Figure 9. Local space of a Markov chain describing the
outcomes TLA. The current grammar = 010.>"

Onec detail remains to be sorted out. Since the TLA is error-driven and the input
stream is generated entrely by G ug, once the learner hypothesizes G ng it will never

leave. Thatis:

* For clarity, I use two arcs, 010 — 010, to separate the probabilities of 1) a successful parse
by the current grammar (010), and 2) a failure by 010 together with a failure by an attempted
grammar (one of 000, 010 and 011). Tradidonally this would be a single arc with the
probabilitics added together.
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Equaton 4 Pr(G. — G, =1

This implies that there are no arcs leaving G .

Equaton 3 Pr(G,.,.,—G)=0 ¥YkO<k<n

tang

Thus for every grammar G in Ha, given that the values for T and O are known or can
be calculated, one can determine the probability that the TLA will move from any
grammar to any of its neighboring grammars. From these transition probabilities a
transidon diagram can be constructed and from the transiton diagram we can
construct a transition matrix. By calculatung the fundamental matrix one can arrive at
the numbers of sentences the TLA can be expected to consume during the acquisiton
process (sce Chapter 2 for the mathemarical details). The problem is that the number

of states is exponential in the number of parameters, and hence the calculations are

intractable for any reasonably sized domain.

3.3.1 G-Rings and Linguistic Smoothness

In order to obtain some insight into how the TLA performs in a domain of reasonable
size, I will enforce a smoothness requirement. Recall that a G-Ring, G, is a class of

grammars such that each member of G differs from the target grammar by / parameter
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values (see Chapter 2). Note that G-Rings stricdy partton the grammars in the

parameter space — every grammar belongs to one and only one G-Ring.

For example, Go is the G-Ring that contains the target grammar. G- is the G-Ring that
contains all of the grammars that differ from the target grammar by two parameter
settngs. And Ga (n = the total number of parameters) is the G-Ring that contains the

single grammar that has every parameter value opposite of the target.

By viewing the parameter space in terms of G-Rings, the TLA can be regarded as
shifung (or not) from a grammar in one G-Ring to a grammar in one of the two
neighboring G-Rings. Assume the TLA is entertaining some hypothesis G aur € Gi
and receives a randomly selected string s € L(Gug). If 5 can be parsed by G cur, the
learner does nothing and thus remains in G-Ring G (following the error-driven
constraint). Otherwise it changes one parameter value at random (the single value
constraint or SVC) and attempts to parse s with the new grammar G aew. Importantly,
Guew is stricdy a2 member of either a G-Ring one closer to the target grammar, or one
further away (Gaew € Gi+1 Of Grew € Ginl). If Guew can parse 5, Gaew is adopted as the
current hypothesis (Gar = Guew ); the learner has moved one G-ring closer to or
further from G ar,. Otherwise G cur remains unchanged (the Greediness constraint) and
the TLA is ready to receive the next input sentence. In short, after receiving an input,

the TLA will:
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1) retain its current grammar and remain in the current G-Ring
2) move one G-Ring closer to the target, or
3) move one G-Ring away from the target

Note that staying in the current G-Ring means staying with the current grammar; the

TLA's constraints do not permit shifting to a new grammar in the same G-Ring.

A conception of learning as passing through G-Rings is insufficient to tractably model
TLA performance. The state space stll consists of one state per grammar (the total
number of grammars is 2°). However, if Weak Smoothness is imposed ( Weak
Snroothness Requirement — All the members of a G-Ring can parse s with an equal
probability, sece Chapter 2), the state space can be collapsed; each c/ass of grammars in
a G-Ring is represented by a single state. Probabilides reformulated in terms of G-Rings
and Weak Smoothness are substandally the same as those derived earlier in Section 3.3

. The derivaton of the transition probabilities follows immediately below.

® o denotes the ambiguity factor of G-Ring 7. O is the probability that a grammar G €
G can parse an arbitrarily chosen sentence from the target language. It can be
viewed as the probability that an input can be parsed by an arbitrary grammar in a

partcular G-Ring.
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e Lect Aij denote the overlap factor. Ay, is probability that an arbitrarily chosen sentence
from the target language is parsable by both a grammar in G-Ring G and a

grammar in G-Ring G;. Note that Ao = Ao = oL

® Tim denotes the probability of picking or "looking ahead” at a new hypothesis
grammar Gaew that belongs to a G-Ring » rings closer to the target than ring 7
Likewise, T - m denotes the probability of picking a new hypothesis grammar »

rings further from the target. The SVC ensures that » = %1 forall G.

Now the probability that the learner moves from G-Ring Gi to Gi+1 , where Gas€ Gi

1s:

Equaton 6 Pr(Gi — Gi-1) = (Tir1) (i1 - Ai i1 )

Similarly, the probability that the learner moves from Gi to Gi-1 is:

Equadon 7 Pr(G: — Gi1) = (Miat) (Ot - Ai i1 )

Finally, the probability that the learner retains the current grammar (which implies that

the learner will stay in the same G-Ring) is:

Equanon 8 Pr(§a—>§,)=aa+21tk(1-0u-01k-kk)

ke -], 1+1}

This occurs if s can be parsed by the current grammar or if the TLA picks a grammar

from the ring one value closer to the target, or one value further from the target, and
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the new grammar cannot parse s. (The algebraic derivation of Equation 8 is idendcal to

that of Equadon 3, see Section 3.3 above.)

What remains is to give a definidon for i1 — the probability that the TLA chooses to
look ahead fowards the target grammar and Ti+1 — the probability that the TLA chooses
to look ahead to a grammar in a G-Ring anay from the target grammar. (Keep in mind
that, as outined at the end of Chapter 2, in what follows the target grammar is assumed

to be the vector consisting of all 1's).

The SVC dictates that for each learning event the TLA can change the value of only a
single parameter. If the TLA chooses to flip a parameter value from 0 to 1, G qew will
be in a G-Ring closer to the target than G cur (e.g. 111, see Figure 10 below). If it
chooses to flip a parameter from 1 to 0, it will be in a G-Ring further from the target.
If all parameters are equally probable as candidates for a flip, and # denotes the number

of parameters that defines each grammar in the parameter space, then:

Equadon 9 Ma=i/n

This is simply the hamming distance from the target (i.e., the number of zeros in every

grammar vector in G-Ring Gi) divided by the total number of parameters. =8

Similarly:

* Recall from Chapter 2, that the bamming distance is the number of bits (i.e. parameter values)
by which two bit vectors (grammars) ditfer. In this case, since the target is equal to the bit
vector made up of all ones, the hamming distance is calculated as the number of zeros.
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Equaton 10 1= (n-0)/n
This is the number of ones divided by the total number of parameters.

Using this framework I next construct Markov transition matrices and determine under
what circumstances the SVC aids in the leaming process and how strong is the effect
of a smooth parametric domain on TLA learning. Of partcular interest will be what

happens as the domain increases in size.

3.3.2 An Example Application: The feasibility of TLA learning
in 7,

In order to illustrate the methodology employed in the experiments described

throughout the remainder of the chapter, this section will fully work through an

applicadon of the framework for the TLA executing in a space of three parameters

(Hs, Figure 10) . Subsequent sections will present results for Hs, Hio,H2o and FHso.

Figure 10. Parameter space Hs with Gap = 111
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3.3.2.1 The Transition Probabilities

To be concrete, assume that there is a probability of 0.5 that a sentence can be parsed

by grammars in G1; a probability of 0.3 that a sentence can be parsed by grammars in

G- and a probability of 0.2 that a sentence can be parsed by both a grammar in G and
a grammar from G- Furthermore, assume that the learner is currently hypothesizing
Gio (a grammar in G1) and has received a sentence that can not be parsed. A Iso
assume that the probability that a grammar in G5 can parse an arbitrary input is .4 and
that a sentence can be parsed by both a grammar in Gsand G-is .1.

To summarize the assumptons that are in place:

Now, what is the probability that the TLA will entertain a grammar in G» or Go after

receiving an input sentence?

Applving Equadon 6:

Pr(G1 — G2) = Mo (CLa- Ag2)

= ((3-1)/3) (0.3-0.2)

0.0667

1

* Note that the space is not strongly smooth. Recall from Chapter 2, that the S#ong
Smoothness Requirement mandates that the closer the G-Ring is to the target grammar, the
higher the probability that a grammar in the ring can parse an arbitrary input sentence
generated by the target grammar.
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Pr(Gi — Go) = o (- Aoy )

(1/3) (1.0 - .5)

0.1667

Similarly, the probability that the TLA will stay in G can be established as follows

using Equadon 8.

Pr(Gi—G) = O +Z70 (1-06-0k-Aik)
k=111 1+1}
Pr(Gi —> G = o + To(l -0 -0+A10) + T2l -0 - 02 +AL2)

= S5+1/3(1-5-1+5)+2/3(1-5-3+.2)
S5+1/3(1-5-1+3+2/31-5-3+.2)
= 7667

All possible transitions are generated to vield the following transidon matrix. The
shaded submatrix contains the probabilities of the transient (non-absorbing) states

from which the fundamental matrix is derived (see Chapter 2).

Gs G G Go

G, 0.8000 0.2000

G» 0.1000 0.7000 0.2000

G 0.0667 0.7667 0.1667
Go 1.0000
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From this, the corresponding fundamental matrix can be derived (see Chapter 2):

| 6 6 6

Gs | 85000 7.0000 6.0000
G. | 35000 7.0000 6.0000
G, | 1.0000 20000 6.0000

Adding the values of the first row gives the number of sentences consumed on average

before convergence starting from state G 5. In this example: 8.5 + 7.0 + 6.0 = 21.5.

This example was presented to illustrate the step by step process by which the
transition probabilides are derived and then employed in the framework that will be
utilized in the rest of the dissertation. The inidal assumptions were arbitrarily chosen
to illustrate the technique involved. A note of caudon is needed. Although it is
temptng to induce regularities from single examples, 3¢ it is important to note that the
etfect of the As and Os on the fundamental matrix is complex and requires
experimentadon with a wide range of values. Results from such experimentaton are

given in what follows.

3.3.2.2 Constraints on A and O and Subset Avoidance

There are two constraints that need to be maintained on A and 0. One constraint
nceds to be in place due to the nature of probabilities. The other is imposed so as not

to permanently block the learner from attaining the target grammar.

* One might induce that less inputs are consumed starting from grammars closer to the
target because the sum of the third row (closest to the target) indicates that only 9 sentences
will be consumed as versus 21.5 — the sum of the first row (further from the target).
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(Ha+0;-Ay <1

0<A ;<o <1 and 0SAj<a;<1

Constraint (1) indicates that the probabilities of two grammars being able to parse an
arbitrary sentence must not be greater than the entire probability space. For example,
if G can parse a sentence with probability of .7 and G, can parse a sentence with
probability of .6, then they both must be able to parse some of the same sentences.
Otherwise the probability that either Gi or Gj can parse a sentence is 1.3 which is
greater than 1.0 which is impossible. Another way of saving this is that the number of
sentences in L(G,) U L(G;) must be less than or equal to the number of sentences in

L(G ).

Constraint (2) states that the probability of two grammars parsing a sentence must be
strictly less than the probability that either single grammar vields a successful parse. Ay =
a, implies that L(G;) € L(Gy). There is no set-theoretic reason not to allow such a
subset relatdon, but if a learner's current hypothesis was G ;, the learner would be
blocked from attaining the target grammar due to the error-driven constraint.
Specifically, this occurs when an error-driven leamer with Greediness is entertaining
the grammar that generates the superset, in this example G i. It will never hypothesize
the subset G, on a parse failure because all of the sentences in G ; are (by definitdon)
included in the language generated by G 4; if a sentence cannot be parsed by G ; it cannot

be parsed by G;. Hence the learner will never encounter a sentence that i) causes a

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



parse failure with G,, and i) can be resolved by attempting a parse with G ;. For the
TLA executng in the G-Ring framework presented in this thesis, if this subset reladon
is encountered, it creates an insurmountable learnability problem since, at some point,
the learner must pass through each G-Ring (due to the SVC) on the way to the target.
Thus, constraint (2) guarantees that there is a possibility greater than zero of

encountering a sentence that will allow the learner to pass through the current ring. 3!

3.3.2.3 Finding the Most Advantageous Space for Efficient TL.A L earning

In the example given at the end of secton 3.3.2.1, the TLA consumed 21.5 input
sentences on average before it attained the target grammar, starting from 3 parameters
away. In order to discover under what conditions the TLA funcdons most efficiendy,
different values for o and A are applied to the Markov formalization of TLA learning
described up to this point. I ran several experiments in spaces of various sizes. All

were run on parameter spaces that were weakly smooth. The experiments involved:

® fixing the parameter space so that grammars in all G-Rings are equally likely to

parse an input sentence. V i,j O = Q.

" In G&W’s 3 parameter domain for testing the TLA, no language is a proper subset of any
other. There is no mechanism or constraint built into the TLA that prevents superset
hypotheses.
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® fixing the parameter space so thart it is strongly smooth in a linear fashion. 32

Vi>0, i< -0+1and Vi>0,]>0, Oi-0i+1 = O - =1

e finding opdmal values for o and A regardless of any strong smoothness relationship
between G-Rings. This allows for 'irregular’ spaces in which G-Rings are not

related to adjacent G-Rings by strong smoothness.

Since the probabilities are real-valued and interact with each other and the constraints
in complicated ways, searching for the most advantageous probabilites requires use of
an optimization algorithm. The results that follow were arrived at by applying a
standard non-linear constrained optimization algorithm: The Generalized Reduced
Gradient (GRG) algorithm (Lasdon and Waren, 1978) as implemented by FrontLine
Systems, Inc. I used Microsoft's Excel spreadsheet applicaton as the front end to the

opumizer.

The basic approach was to set the objective function of the optmizer to minimize the
average number of sentences expected for the TLA to acquire the target grammar

subject to the constraints outlined in the preceding secton 3.3.2.2.

I use HG; as a concrete example to illustrate the methodology employed in choosing the

decision rariables (the quantities that the optmizer is free to manipulate) in order to

* A non-linear, bur still strongly smooth, domain would entail an acceleration in the
probability of parsing success in G-Rings approaching the target. For example where o) =2
Q...

]
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achieve the objective function — a minimum number of input sentences. Results from

larger spaces and discussion appear in the sectons that follow.

I first ran five experiments by fixing o at .01, .1, .5, .9, and .99 for &/ G-Rings dictating
a uniform (not strongly smooth) space and defining A as a percentage of &t (A% or
percentage orverlap). Formuladng A as a percentage was done in order to enforce the
subset avoidance constraint (constraint (2) outlined in Secton 3.3.2.2 above). Given
these fixed values of O, the optimizer was then able to find the most advantageous

percentage overlap (A%) — the value for A% that minimized the average number of
sentences required for the TLA to atain the target (subject to the approprate

constraints). I then had the optimizer find the lowest values for bos) & and A%.

These six results for Hsare depicted in Table 5 below.

o A% Avg # sentences
until convergence
0.01 0.0001 310
0.10 0.0010 38
0.40 0.0002 19*
0.50 0.0002 20
0.90 0.8001 100
0.99 0.9801 1003
Table 5. Results from 6 feasibility experiments

stmulating TLA learning in M with all G-Rings equally
likely to parse an input sentence. The optimizer found

4 as the value for a and .0002 for A°% that minimizes
the number of sentences the TLA requires to attain the
target grammar.

Note that the optimizer chooses values for A that roughly correlate with a.  This is

consistent with the results that follow. In domains of high ambiguity the TLA
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pertorms best when the languages are clustered together very tdghty. An explanadon

and discussion is presented in the next section (Section 3.2).

[ then set the ds so that the space was linearly smooth (not uniform). And again the
optimizer minimized the average number of sentences required for convergence by
picking A%. Finally, I let the optimizer pick all values. As expected, the algorithm
picked values that resulted in a lower number of required sentences. This is labeled

Optimal in Table 6.

A% o o, o # sents

Linear increase in smoothness .99 0.25 0.50 0.75 22

Optimal .03 0.00 028 0.44 16

Table 6. Effects of strong smoothness on TLA
performance in ‘H.

The opumizer works by implementing an iterative hill-climbing strategy. Each step
involves adjusing the decision variables in several direcdons and checking the rate of
change of the objective function. After determining the best direction, the optmizer
‘plugs in' those values and repeats the process. The process ends when the optimizer
can no longer adjust the cells so that a better objectve is obtained. Unfortunately there
is no guarantee that the true optimal objective will be obtained. This is because there
may be a locally optimum point (or several locally optimum points) that look to the
optimizer as truly opamal; no adjustment of the decision variables improves the value

of the objective functon at that step in the process.
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Thus, in order to determine the validity of the opumizadon, I executed the algorithm
many tmes with randomly generated staring values for the decision variables. In
theory, by starting off from many different points, if local maxima exist, each run
should vield a different outcome. Fortunately I found the results consistent regardless
of the starting values. There was some small variaton. This leads to the conjecture that
there are several small local maxima or 'bumps' in the vicinity of the true globally

optmal value.

However it is important to stress that this is an empirical conclusion. Although the
evidence is strong, there might be 'true' optimal values of A% and the s that are quite

different than the presented results. 33

A final limitadon of the approach is the need to formulate A as a percent of O rather
than freely allowing arbitrary values for the A's. When left frec to chose the A's, the
optimizer consistently focused on (and tried to overcome) the constraint intended to
avoid subset relatons between G-Rings. Specifically it attempted to make every ozher
ring a subset of its neighboring ring. Although a 'clever' strategy in that it effectively
reduces the number of G-Rings by half, (some of these experiments actually produced

numbers somewhat lower in terms of number sentences consumed by the TLA than

" TLA learning in a weakly smooth domain can be formally modeled as a  random walk in two
dimensions. There is abundant mathemadcal literature on random walks. Unfortunately a
preliminary exploration of a formal approach became unwieldy without certain homogeneity
assumptions in place (e.g., setting all As equal to each other). Still, I would not rule out the
possibility that such a formulation could constructvely be developed.
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specifying A as a percent), the resulting parameter space is far too removed from

linguistc plausibility to merit discussion.

3.4 The Feasibility of the TLA

3.4.1 Uniform probability of a successful parse

Table 7 presents results from twenty-four experiments simulating TLA performance in
uniform parameter spaces larger than H3 — spaces in which the probability of a

successtul parse of (an input sentence) is uniform across G-Rings.
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H,
o A% Avg # sentences
until convergence
0.0100 00.00 1,198
0.1000 00.00 151
0.3802 00.00 81*
0.5000 00.20 85
0.8000 89.00 428
0.9900 99.09 4,396
Heo
a A% Avg # sentences
until convergence
0.0100 00.00 7,344,041
0.1000 00.00 1,793,571
0.1967 00.00 1,624,850
0.5000 00.20 2,223,099
0.9000 89.00 11,120,586
0.9900 99.09 111,840,694

H.o
o A% Avg # sentences
until convergence
0.0100 00.00 17,387
0.1000 00.00 2,772
0.2856 00.00 2,005*
0.5000 00.20 2,374
0.9000 89.00 11,882
0.9900 99.09 120,471
Heo
a A% Avg # sentences
until convergence
0.0100 00.00 5,086,768,462
0.1000 00.00 1,593,264,558
0.1618 00.00 1,528,362,614
0.5000 00.20 2,227,687,316
0.9000 89.00 11,141,678,763
0.9900 99.09 111,821,049,096

Table 7. Results from 24 feasibility experiments simulating TL.A learning in
parameter spaces of 5, 10, 20 and 30 parameters with all G-Rings equally
likely to parse an input sentence. The asterisk indicates the value that the
optimizer found which minimizes the number of sentences the TLA 1s
expected to consume in order to attain the target grammar.

Even at optmal rates of ambiguity and language overlap (denoted by * in Table 7),

parameter spaces with a uniform probability of a successful parse are not conducive to

good TLA performance.

As antcipated by Niyvogi and Berwick, the number of

sentences required in each of the learning situations studied, even at the optimal rate of

ambiguity and overlap, is sull notably larger than a 'blind’ learner that simply chooses

grammars at random without taking into account any relevant features of the input (for

cxample success or failure of a parse test). Such a learner — which simply hypothesizes
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a grammar at random whenever a sentence is received — would require 2 * (n = number
of parameters) sentences on average to converge on the target grammar. > Figure 11
shows this exponental increase in the size of the input sample plotted against the four
optimal values of O and A from Table 7. Clearly this rate of performance is unsuitable
for anv psychologically plausible model of acquisition that is expected to converge on a

target grammar in a parameter space of a reasonable size.

10,000,000,000

1,000,000,000 1
100,000.000 -
10,000,000
1,000,000 1

100.000 1
—&— Blind guess leamer

10.000 1 —&—TLA

# sents consumed

1,000
100

10

1

0 5 10 15 20 25 30 35
# of parameters

Figure 11. Logarithmic plot of the opumal number of
sentences expected to be consumed before convergence
against the number of grammars in the parameter space.
The TLA at its best requires more sentences than a
learner that blindly selects grammars at random.

* Sakas and Fodor (1997) discuss a variation of a purely random learner that retains the
crror-driven constraint — the Unconstrained Error-Driven learmner (UED). They demonstrate
that the number of sentences required on average for this learner is bounded from below by
the purely random learmner. In the optumal case, the UED requires exactly one sentence less
than the random leamer (= 2" - 1).
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The extreme number of inputs consumed by the TLA is due to the fact that the TLA is
an extremcly conservative learner. The SVC keeps the learner from exploring
grammars far away from the current grammar. And even within the circumscribed
local space sanctioned by the SVC, Greediness allows a shift to a new grammar
hypothesis only if the candidate grammar is ‘good enough’ to license the current input.
For almost all combinatons of ambiguity and overlap, the SVC and Greediness bias
the TLA to remain in place, retaining G cur rather than adopting a new hypothesis
grammar.3> For example, Table 8 below indicates the probabilides, for each G-Ring in
‘Hio, of: 1) shifting to a G-Ring further from the target, 2) retaining the current
grammar and 3) shifung to a grammar in a G-Ring closer to the target grammar given

the optimal settings (& =0.2856, A% = 0; see Table 7).

G-Ring that

contains G, Away from Gy Retain Go,»  Towards Grg
G, 0.720 0.280
G, 0.028 0.720 0.252
G. 0.056 0.720 0.224
G- 0.084 0.720 0.196
G, 0.112 0.720 0.168
G- 0.140 0.720 0.140
G, 0.168 0.720 0.112
G, 0.196 0.720 0.084
G, 0.224 0.720 0.056
G, 0.252 0.676 0.072

Table 8. Probabilives that the TLA will retain the
current grammar or shift towards or away from the
target grammar in Ay given @ = 0.2856 and A = 0.

¥ The one exception is when o = .5 and A = 0. In this case the probability that the TLA
shifts to a new grammar is exactly equal to the probability that it retains the current
grammar.
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Since the space is uniform with regard to 0, attempting to force the TLA to move by
lowering 0 won't work. Due to the Greediness constraint, the probability of retaining
Geurr is determined by two factors: & (if Geur can parse the current sentence, the TLA
retains Gurr), and the probability of a parse failure in the event that G cur can't parse the
current input in which case the TLA attempts a shift by testing a candidate grammar.
But the probability that the candidate grammar will license the input sentence is no
better than the probability that G cur will license the sentence. 3 Therefore low values
of & dictate that the TLA will retain the current grammar due to parse failure when
applying the candidate to the sentence, and high values of o will also force the TLA to
retain Geur due to a high rate of successful parsing by G cur. The net effect is that

values of & somewhat below 0.5 are the most conducive for TLA learning. 37

Sdll, whatever the value of @, a high rate of grammar retention is exhibited by the TLA
as depicted in Table 8 above. This might lead to the conclusion that such an
unavoidably high rate of retention (given a homogeneous value of O across G-Rings) is

the cause of the exponendal workload that the TLA bears. This is not the case. To sec

* This is so when the candidate is actually the target grammar, in which case the probability
is [.

" An interesting phenomenon to note is that the optimal value of « decreases as the number
of parameters increases. This leads to the speculation that TLA performance will be optimal
in large parameter spaces only at low ambiguity rates. This might be because the tradeoff
between conservatism and exploration is too costly in large spaces. The Error-driven
constraint compels conservatism if the ambiguity rate is high. But it will also result in
aggressive performance in terms of attempting new hypotheses if the ambiguity rate is low.
The more parameters there are, it appears the more exploration is required. Discussion
along this linc follows in subsequent sections for TLA performance in strongly smooth
parameter spaces.
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why this is so, it is useful to cast TLA learning in a parameter space as a special type of
Markov process — an absorbing Random Walk with a reflecting barrier3® The idea is that the
systemm can shift to one of two adjacent states except at one 'end’ where there is only
one adjacent state. For example, in the transiton diagram depicted in Figure 12, the
learner can leave G5 only to enter state G2. However, from the other non-absorbing

states, the learner has a choice of two states to shift to.

Figure 12 exactly models TLA behavior in parameter space Hs. Probabilites n, r, 7,
etc. represent the probabilides that the TLA will refain the current grammar and are
determined by Equadon 8. Probabilites p1, p2, p3, etc. represent the probabilites that the
TLA will shift fomards the target grammar, and ¢, 42, g3 etc. that it will shift away from

the rarget; these probabilides are determined by Equation 7 and Equaton 6.

r3 rz r1 1

Pa P2

Ps
” Gz \gzj‘ a U

Figure 12. A Markov chain representing a random walk
with one absorbing state G, and one reflecting barrier at

G

Surprisingly, the factor most affecting the TLA's performance is not the high rate of
grammar retention; rather, it is the decreasing probability of moving towards the target

(the last column in Table 8). To be concrete, in Hi, if the learner incorporated an

¥ This is frequently referred to as the Drunkard’s Walk, the bar serving alcohol being the
reflecting state, and the drunkard’'s home being the absorbing state.
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equal bias to move towards or away from the target (with modificadons to

accommodate the absorbing and reflecting states), and maintained the optimal rate of

grammar retendon (.72 from center column of Table 8) we would obtain Table 9

below.3?

G-Ring that contains ~ Away from Gy  Retain Ger  Towards Gug

Gan

G.. 0.720 0.280
G, 0.140 0.720 0.140
G. 0.140 0.720 0.140
G- 0.140 0.720 0.140
G, 0.140 0.720 0.140
Gg; 0.140 0.720 0.140
G. 0.140 0.720 0.140
G, 0.140 0.720 0.140
G- 0.140 0.720 0.140
G, 0.140 0.500 0.360

Table 9. Probabilites, for a modified TLA that is
equally likely to shift towards or awayv from the target

grammar.

Applyving the usual techniques we discover that the total number of sentences required

for this system is only 315 compared against the 2,005 required by the TLA. Increasing

the retentdon rate to 0.9 for the random walk algorithm yields an average number of

inputs consumed of only 831. The random walk is surprisingly efficient compared to

the TLA. This is because the number of inputs that can be expected to be consumed

* The transidon probabilities surrounding the two end states are not equal. This follows
from the fact that there is no G-Ring to the 'left’ of the ring furthest from the target
grammar so the probability of shifting to the right from G, is doubled. Similarly, since the

retention rate of

(:

L,

in

Figure 12) is equal to 1.0, there will not be a parse failure when G, is the candidate from G,.
The corresponding probabilites (those emitdng from G,) were derived using Equation 9 and

Equation 10 and setting ., =T, as described in the text that follows.
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by the random walk learner (unilike the TLA) decreases as the learner approaches the
target. To see why this is the case, consider the learner in a state two transitions away
from the target. Although the system may wander away from the target, on average, over
many trials, it will require fewer inputs to achieve the target from a state two transidons
away than from a state further (say four transitons) away. This decreasing

consumpton is depicted in Figure 13.

700 -

600 -

—e—20% Ambdiguity
—a—40%
—a—60%
—a— 80%

400 -

8 sentences

300 -
200 - /
100 -

10 15 20 25 30 as
2 Parameters

Figure 13. The number of sentences consumed in each
state by a random walk learner.

It is informative to contrast the decreasing input consumption of a random walk with

the input consumpton of the TLA. This is shown in Figure 14 below.
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Figure 14. The average number of sentences consumed
in each state for both the TLLA and a learner that will
shift towards or away from the target grammar with an
equal probability.

The TLA spends the majority of its ime consuming input sentences in G-Rings mid-
distance from the target state. This is the result of the decreasing probability of moving
towards the target as the target is approached. Since the values of  for all G-Rings are
equal, the factors affecting this decrease are the probabilides -1 and 71 (see Equation 9
and Equation 10) of picking a grammar in a G-Ring one further or one closer to the

target.

Recall:

Equauon 9 nTa=1/n

Equaton 10  Ti+1= (n—1) /n

where / is the (hamming) distance from the target and # is the number of parameters

that need to be set. Basically these equations assert that the probability of choosing a
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grammar in a2 G-Ring closer to the target is inversely proportional to the distance of
Geaurr from the target. The effect of these equations can be seen in the last column in

Table 8.

It is important to note that these probabilities are unaffected by any characteristcs of
the input sample, they are strictly dictated by the learning algorithm — specifically by the
SVC. Roughly, this is because as the learner approaches the target, most parameters
arc set correctly, so a change is more likely to shift the learner away from the target
rather than towards it. (Whereas for the random walk learner, a shift is equally likely to

shift in either direction.)

Since the SVC is the primary source of the poor performance exhibited by the TLA (in
a uniform parameter space) one might conjecture that improvement would result from
a simple modificaton to the TLA that replaces the SVC with a heuristic that guides the
TLA with a 50/50 chance of moving to a G-Ring one further or one closer to the
target (seting =1 = @1 = .5). In the examples presented here, where it is assumed for
concreteness that the target is the grammar vector consisting entrely of 1's, such a
strategy could be put into operaton, and it would certainly dramadcally increase
learning efficiency. Unfortunately this heurisdc is impossible to implement in the
general case where the target could be any combination of parameter values. In this
case, the learner would have no way of determining in which directon the rtarget lies.

For example, if the target were 00101 in Hs, and the current grammar were 01111,
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toggling the first O to a 1 would move the learner away from the target. Whereas if the
target where 11101, toggling the first 0 would move the learner closer. Without the
help of an oracle that points the way towards the target, the TLA is bound to the values
of = as formulated above. Hence, the TLA is doomed to be overly conservadve. As it
approaches the target, in a uniform space, the probability of moving even closer
decreases to a level that forces the TLA to spend an inordinate amount of dme

consuming sentences midway between the worst grammar hypothesis and the target.

It's clear that what is needed for feasible TLA learning is a factor which will "pull’ the
TLA closer to the target, a factor which is strong enough to mitgate the impeding
deceleradon caused by the SVC. In the next section I show that Greediness can serve

this functdon, but only in strongly smooth parameter spaces.

Summary of this section: In a parameter space in which the probability of a successful
parse is homogencous across all grammars, the number of input sentences required by
the TLA rises exponentally with the number of parameters that need to be set, even at
rates of ambiguity that are optimal for TLA learning. This poor performance is
primarily due to the algorithm's SVC and the SVC is unaffected by the degree of
ambiguity of the input sample. Notably, TLA performance is worse than both a
lcarner which guesses grammars at random (with an opamal input sample) and a

random walk learner.
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3.4.2 Linear Strong Smo othness

Next I consider the feasibility of TLA performance in a linearly strongly smooth
domain — a domain in which the probability of a successful parse correlates with the
similarity of the current grammar to the target grammar. In this space the TLA is a

feasible learner.

To test this, I fixed the values of O so that they were linearly increasing as shown in

Equauon 11:%9
Equadon 11 aG=mn-1+1) / (n+1)

As usual, / = hamming distance from the target and # = # of parameters that nced to

be set.

I ran four experiments, one in each parameter space ( Hs, Hio, Hzo and Hio), having the
optimizer find the value of the overlap rate A% that minimizes the number of
sentences expected to be consumed by the TLA. Consistently, the optimizer found the
optimal overlap rate to be as high as possible while respecting the constraint
prohibiting subset reladons between G-Rings (i.e. & < A). The results from

experiments run on the four domains are depicted in Table 10 and plotted in Figure 15.

* This imposes strong smoothness such that the probability of a successful parse ( @) is
cqually distributed across G-Rings from 1/( #+1) for G, o 1.0 for G, In general, a
parameter space could be strongly smooth over any distribution on as. All that strong
smoothness requires is that ., <,
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Although the plot indicates that the rate of increase in input consumpton is greater
than linear, the relatively small number of sentences required for the TLA to attain the
target in a space of 30 parameters lends strong support to the claim that the TLA #sa

feasible learner in strongly smooth domains.

G-Ring A% Avg # sentences
until convergence
‘Hs 99.99 69
Hio 99.99 312
‘Hao 99.99 1,522
Hao 99.99 3.777

Table 10. Opumal number of sentences required on
average for the TLA to acquire Gug in 2 linearly smooth
domain.

3.500

3.000

2.500

2.000

# of sents
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[} S ] 15 20 25 20 35
® of parameters

Figure 15. Plot of number of sentences required on
average for the TLA to acquire Gag in a linearly smooth
domain against the number of parameters in the
parameter space.
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The learner is stll conservative. Table 11 depicts the probabilities of retaining the
current grammar, and moving towards or away from the target grammar in Hio. Asin
the uniform space described in the preceding section, there is a high rate of grammar
retendon which increases as the TLA approaches the target The TLA also exhibits a
decreasing probability of moving towards the target as it approaches it. However,
when the space is linearly smooth, the effect of the Greediness constraint is able to
overcome the conservativeness caused by the SVC. This can be seen by considering

the first column of probabilides in Table 11.

G-Ring Awayfrom Gug  Retain Geor  Towards Guag

G. 0.90908 0.09092
G, 0.00000 0.91816 0.08183
G, 0.00000 0.92725 0.07275
G- 0.00001 0.93633 0.06366
G, 0.00001 0.94541 0.05457
G, 0.00002 0.95450 0.04548
G. 0.00003 0.96358 0.03639
G, 0.00004 0.97266 0.02729
G, 0.00006 0.98174 0.01820
G, 0.00007 0.99084 0.00909

Table 11. Probabilities that the TLA will retain the
current grammar, or will shift to a G-Ring away from or
towards the target in a linearly smooth ‘M, domain.

Even though there is a very high retention rate, when the TLA does shift, there is an
extremely low probability of shifting away from the target grammar (reladve to the
probability of shifting towards the target grammar). By definiton, the probability of a
successful parse is higher as the learner approaches the target. The TLA exploits this

characteristic of a strongly smooth space. Since Greediness will not allow a shift to a
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candidate G-Ring unless a successful parse is obtained, and the probability of a
successful parse decreases as the learner moves further from the target, the probability
of a shift away from G ug is extremely low. The ultimate effect of this is that the SVC
and Greediness quickly propel the TLA towards the target grammar from G-Rings far
away. When the TLA is in the vicinity of the target, the conservatve effect of the SVC
kicks in but is not overwhelming since Greediness keeps the probability of the TLA
shifting towards the target greater than that of shifting away from the target. This can
be seen in Figure 16 which depicts the number of sentences consumed in each G-Ring

as the TLA approaches the target.

# Inputs consumed

G-Ring 10 G-Ring9 G-Ring8 G-Ring7 G-Ring6 G-Aing5 G-Ringd G-Rng3 G-Ring2 G-Ang 1

Figure 16. Number of sentences consumed by the TLA
in each G-Ring of Hyin a strongly smooth domain.

In a strongly smooth domain, the TLA quickly gets near the target and remains there

undl it finally shifts to the target grammar.
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Summary of this section: In a strongly smooth parameter space in which the
probability of a successful parse is correlated linearly with the similarity of a
hvpothesized grammar to the target grammar, feasible learning is attained by the TLA.
The relatively low number of sentences required to converge on the target is primarily
due to the algorithm's Greediness constraint which biases the learner towards the target
to a degree sufficient to offset the slowdown caused by the SVC as the learner nears

the target grammar.

3.4.3 Accelerating Strong Smoothness

The final experiment run on TLA learning involved allowing the optimizer to freely pick the

value of & (as well as A%) for each G-Ring. The results are displayed in Table 12.

G-Ring A% Avg # sentences
Until convergence
‘Hs 9887 53
Hio 9953 264
Hao 9958 1,408
Hso 9999 3,658

Table 12. Optmal number of sentences required on
average for the TLA to acquire Gag In an acceleratng
smooth domain.

The optimizer consistenty chose O's that accelerated the rate of a successful parse as the

corresponding G-Ring approached the target G-Ring. The values for « are depicted for H,,

in Figure 17 below.

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



83

]

Probebilny of & sucosestul parse
o

]

Q2000

¢ 0000
G110 GS Ga G7 G& GSs Ga G G2 Gt GG

Figure 17. The values of a for each G-Ring picked by
the opumizer for Hi. This shape of the domain
permits the most efficient TL.A performance reported.

Clearly, the optimizer shaped the domain in order to increase the benefits afforded by
the SVC and Greediness operating in a linearly smooth domain as described in the
preceding section. The result is that TLA learning efficiency is increased by a modest

amount over a linearly smooth space. This is depicted in Figure 18.
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Figure 18. The number of sentences consumed by the
TLA in spaces with acceleraung smoothness and linear
smoothness.

3.5 Discussion

The TLA is an attractively simple algorithm and by incorporating a parse test, Gibson
and Wexler have made an advance on previously existing acquisiton theories in two
respects.  First, the TLA overcomes Valian's parsing paradox (see Secton 1.4.1).
Sccond, it takes the task of recognizing usable input sentences seriously. In the
classical instant-triggering model it was assumed that property detectors for each
parameter were available that could deduce which parametric settings were necessary to
license the current sentence based solely on the surface structure. As discussed in

Section 1.4, the properties of natural languages make the task much harder than might
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have been andcipated. Only through a parse test, which applies the grammar to the

sentence at all levels of derivation, can parametric evidence be obtained.

But tesdng a grammar is work, and the TLA can only reasonably test one grammar at a
ume, and so it cannot scan the whole domain of grammars in order to select the one
that best fits the input. The TLA's three constraints: the Error-driven constraint,
Greediness and the SVC, have the effect of steering the TLA closer to or further from
the target grammar, as inputs are consumed, based on characterisucs of the input
sample it receives. These characteristics are determined by the shape of the parametric
domain in terms of which grammars are more or less likely to license the current input.
For the TLA to be successful as a model of natural language acquisiton, it appears that
the domain being searched must adhere to a strict strong smoothness requirement —
the grammars most parametrically dissimilar to the target must be most unlikely to
license the current input sentence. *! (This smoothness relationship can be linear or

acccleraung.)

Whether or not natural languages are strongly smooth is unknown. Chomsky has
emphasized that small changes in parameter settings can have considerable effects on

the languages generated, due to the rich interactions of principles, parameters and

*' Or the number of parameters must remain low with a conducive rate of ambiguity. Very
roughly, the number a child might be expected to hear between 6 and 7 million sentences
(Hart and Risley, 1995). There are several areas of Table 7 that fall under this number.

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



86

lexical properties in sentence derivatdons. For example, he writes (Chomsky, 1988,
p-63):

"there is no simple relation between the value selected for a parameter
and the consequence of this choice as it works its way through the
intricate system of universal grammar. It may turn out that the change
of a few parameters, or even of one, vields a language that seems to be

quite different in character from the original."

If this is so, the degree of overlap of the parameter settings in two grammars (the
number of parameter values they share) would #of correlate highly with the degree of
overlap of the languages they generate; the grammar/language reladonship would not
be a smooth one. Regardless of whether Chomsky's point establishes non-smoothness
in general, it is clear that linguistically plausible parametric descriptions which delineate
unsmooth domains can be easily arrived at. For example, in Gibson and Wexler's small
domain of threc word order parameters (see Table 2 and Table 3 from Chapter 3
above), the sentence pattern SVO is licensed by grammars that differ from each other
maximally: every one of their parameters is set differentdy. SVO order is licensed by

the grammar SV, VO and -V2, and by the grammar VS, OV and +V2 (among others).

Even if natural languages were strongly smooth, the TLA requires an excessive amount
of between-language overlap in the domain (greater than 99%) between languages
generated by grammars in neighboring G-Rings. For example, taking numbers

displayed in Table 12 for Ho, relaxing the overlap percentage from .9999 to .9000
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(eaving the s fixed in a strongly smooth fashion) increases the expected number of
input sentences consumed from 312 (for .9999) to 1,181. Decreasing the percentage to
8 vields a result of 2,259, to .7 yvields 3,233. These values are plotted in Figure 19

below-.

To be concrete, if all languages in Hio consist of 10,000 sentences, these numbers
indicate that 9,999 out of 10,000 must lie in the intersection between languages
generated by grammars in neighboring G-Rings, if learning speed is to be optimal.
Even more striking is that the maximal difference between any two languages in the
domain is 10 sentences in order for learning speed to be opamal. That is, the language
generated by the grammar in Go can differ from that of a grammar in G by, at most,

10 sentences. Such a dense space of languages seems to go against linguistic fact.
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Figure 19. Sensiuvity of TLA performance to the
overlap between neighboring G-Rings in M. The
parameter space is linearly strongly smooth.

Although these two factors: strong smoothness and a high overlap rate, keep the
domain manageable for TLA learning, there is stll an exponental increase of the
number of sentences that the TLA consumes with respect to the number of parameters
in the domain. A high overlap rate and strong smoothness are useful in that they keep
TLA performance in check for parameter spaces up to around 30. But as the number
of grammars in the space approaches a truly gargantuan number, induced by only a
modest increase in the number of parameters (2 3° = 1,125,899,906,842,620), TLA
performance might very well be significantly worse than the performance in the smaller
domains depicted here despite the positve effect of strong smoothness and high

overlap. In the next Chapter a learning model is presented that sets parameters
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individually in an attempt to avoid the exponential explosion that ensues from

evaluating collections of parameters as whole grammars.
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4 The Structural Triggers Learner

4.1 The Parametric Principle

The TLA assigns values to parameters, but it does not incorporate the central insight of
parameter theory — what we have called the Parametric Princple — set individnal parameters;
do not evaluate whole grammars (Fodor 1998, Sakas and Fodor, in press; Sakas and Fodor,
1998). This is what distinguishes a true parameter setting device from learning systems
of other kinds, and it is the source of the enormous simplificadon of the learning task

for which the principles and parameters model is renowned.

The essendal point is that: if there are # binary parameters and the learning procedure is
able to establish the value of each one independently of the others, only »# successful
learning events need occur for convergence on any one of 2 » grammars. By contrast,
any lecarning device that evaluates grammars rather than individual parameter values
faces a task that is correlated with the number of grammars — exponental with respect
to the number of parameters. Gibson and Wexler originally tested the TLA on an
artficially small domain of eight languages defined by three binary parameters, where
the extreme difference in workload between setting parameters and selecting grammars
did not become apparent. But it is clear from the results presented in Chapter 3 that if

the estmate of 30 syntactic parameters for natural language is more realistic, then the
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disparity is between setting 30 parameters and checking more than a billion grammars,

at least for domains that meet a reasonable smoothness requirement.

A useful way to look at the difference between testing grammars and testing parameters
is to see convergence as the elimination of all grammars other than the target, and to
consider how effectively different procedures manage to eliminate grammars. A
grammar-by-grammar test can eliminate them one at a tme at best, so even if the
learner kept track of the fate of every one, in the worst case it could take up to 2 = - |
eliminative steps to rule out all but the target. In fact, the TLA never eliminates any
possible grammars at all, because it does not take the trouble to record negadve
outcomes of its parse tests. Presumably, this is because the slight reduction in the
search space that results from eliminating individual grammars does not compensate
for the cost of record-keeping on such a vast scale. Therefore all grammars remain in
the pool from which the TLA selects a grammar to test, with the consequence that
somc incorrect grammars may be tried out many times. More importantly, the pool of

potental grammars does not get any smaller as learning proceeds.

By contrast, true parameter setting permits a very rapid reduction of the pool of
possible grammars. Each time a parameter is permanently set, one parameter value is

climinated. And since half of all grammars have that parameter value, that eliminates
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from consideration half of the candidate grammars remaining. *> In a domain of 30
parameters, setting one parameter rules out roughly 500 million grammars; setting the
next one excludes another 250 million; setting five reduces the pool to roughly 3% of
its original size. This is how the Parametric Principle makes such a great difference to

the scale of the learning problem.

Very few existing learning models abide by the Parametric Principle. Statistical
weighting systems such as those proposed by Valian (1994) and Kapur (1994),
postpone setting a parameter for some time while evaluating the evidence, but do
eventually settle on a value for each and set it permanently. The Structural Triggers
Learner described later in this Chapter also is designed to obey the Parametric
Principle. It is surprsing that a parameter-based learning model would #o¢ take
advantage of the reduction of the learning problem that the Parametric Principle makes
possible. There are no compensating advantages to be gained by searching through the
vast space of grammars. At best, clever search strategies may make it less punishing
(cf. Clark 1992, Gibson and Wexler 1994, among others). It remains to be seen, of
course, but at present it seems unlikely that any improvement would rival that due to

the Parametric Principle.

** For simplicity I make the common assumption here that exactly half of the remaining
grammars are eliminated by each parameter that is set, but this would not be so if there were
co-occurrence restricions on parameter values or constraints on parameter accessibility such
that a parameter does not freely admit of either value in combination with all other
parameter values.
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The sole reason for violating the Parametric Principle, it appears, is that obeying it is
too difficult. The literature on language learnability does not make this clear; the point
is rarely addressed explicidy. Only Clark (1994) considers it, and he judges that the
computadonal costs of respecting the Parametric Principle "are too great to be
acceptable.” If true, this is a very consequential fact. Being forced to give up the idea
of 'instant’ triggering does some damage to Chomsky's original conception of
parameter setting, but to give up the Parametric Principle would be to abandon its

whole essence.

In this chapter, I present an analysis of an approach that permits true parameter setting
in accord with the Parametric Principle and demonstrate that Clark was correct to a
degree — the Parametric Principle does entail an exponentdal computational cost in
general. However, the analysis also indicates that there are specific domains in which
the learner is able to achieve the target consuming a reasonable number of inputs. In
these domains, the factors that contribute to the exponental cost are kept to modest
levels early on in the dme course of acquisition to enable successful parameter setting
cvents to occur. As more and more parameters are successfully set, the generally
exponendal factors are held in check; they never reach the point of inducing a

combinatorial explosion.
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4.1.1 Unambiguous triggers

A parametrically-principled learner must be able to establish a parameter value with
sufficient confidence to be prepared to rule out forever all grammars in which that
parameter takes the opposite value. If there is no noise in the input (which is the
assumption throughout this dissertation), there is no reason not to set a parameter
permanently, and permanenty discard its contrary value, as soon as clear evidence of
its value is received. However, a stochastc learning device such as the TLA cannot do
this because it does not £now when it has received clear evidence for a parameter
seting, ie., evidence that some sentence of the target language cannot be licensed
(parsed) without that value. The SVC isolates the contribution of an individual
parameter value in the parse test, so the TLA knows exactly which value potenually
carns support from the success of the parse. But the support is only potential, not
reliable confirmation, because the sentence might have been ambiguous and the parse
assigned to it might have been the wrong one. In that case the positive outcome of the
parse test provides no evidence at all for that parameter value; for all the learning

system can know, the sentence is equally compatuble with the opposite value.

Is there any way out of this uncertainty? The uncertainty would not arise it there were
no parametric ambiguity in the domain and if the learner knew thar were so; but that is
not realistic for natural language. Alternatvely, the uncertainty due to ambiguity could

be avoided by the learner if it could establish which inputs were parametrically
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ambiguous and refrain from setting parameters in response to them. Learning would

be based solely on unambiguous triggers. +3

4.2 The STL Algorithm

For the TLA\, a trigger is a sentence that causes the learner to change or flip a parameter
value. In this chapter I introduce a model — The Structural Triggers Learner (STL) (Fodor,

1995; 1998) — that takes a significantly different view of the triggering process.

The surface word order of an input string provides insufficient evidence to know for
certain that a particular parameter setting is correct. Recall from Sectons 1.2 and 1.4.1
that the underlving order (importanty, the order relevant to uncover the correct
parameter settngs) can be altered by movement operatons. Hence, the true parameter
values are not readily apparent in the strings that comprise the input sample; only after
determining which transformational operations have been applied, can the correct
values be idendfied. This is a difficult task given that one surface structure (word
string) might be derived from several (underlying) base structures; ie. the input

sentence could be ambiguous.

Fodor presents an ingenious approach that makes uses of the human parsing

mechanism to detect parametric ambiguity. In her STL model, triggers and parameter

** Of course this strategy will fail as a cognitive model of language acquisition if the domain
of natural languages contains no unambiguous triggers. Whether or not this is the case ts an
important determination that remains to be made. See Chapter 5 for discussion.
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values are the kinds of things that are ingredients of grammars and ingredients of trees.
Suitable as ingredients of grammars, they are all combined into one large grammar
(termed a swpergrammar) which the parser applies to the input in exactly the same way as
any other grammar. No unusual parsing actvity is needed, vet all parameter values are
cvaluated at once. Parameter values suitable as ingredients of trees, are detected in the
parse trees output by the parser, so that the learning device is able to see which of them

had contributed to parsing an input sentence and would know which to adopt.

A subtree consisting of just a few nodes and/or feature specificatons serves both
purposes. A trigger and the parameter value it triggers are then be identical, so that
only one innate specification is needed, rather than linked specificatons of parameter
values and their triggers. UG provides a pool of these schematic #reelets, one for each
parameter value, and each natural language chooses to employ some subset of them.
As trigger, a treelet is detected in the structure of input sentences. As parameter value,
it is then adopted into the learner's current grammar, and is available for licensing new

sentences.

Consider an example. For the Complement-final value of the V-before-O parameter

discussed in Secton 1.4.1, the structural trigger (parameter value) might be a VP

* Sce Sakas and Schmeidler (in press, 1997) for a description of a computer implementation
ot an STL parser that can handle the small, 3-parameter domain of G&W described in
Secuon 3.1.
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subtrec with the verb preceding the object. For the Complement-inidal value, the

treclet would be the mirror image with the object preceding the verb. See Figure 20.

V /VP\ DP DP/VP\ \'%

Treeler that the grammar of English contains Treelet that the grammar of Japanese contains

Figure 20. Two strucrural triggers or parameter values
for the V-before-O parameter. Although a determiner
phrase (DP) ts chosen for this example, any tree-based
linguistc descripuon of object positon could have been
used.

A treelet such as one of these reflects underlying order in any language with that value.
Assuming that the parser's output is a surface structure tree after movement
transformations have been applied, the parameter value treelets depicted in  Figure 20
will reflect underlving order as long as its terminals are not constrained in any way;
when the underlying structure has been transformed, either NP or V or both could be
traces. Thus the 'English’ parameter value treelet in Figure 20 would contribute to
parsing not only [ despise decaf but also Decaf, I despise with the O moved out of VP, and

not only [ hare some change but also Hare you any change? with the V moved out.

The structural triggers emploved by the learner are exactly those elements, whatever
they are, that UG specifies as the sources of possible cross-language varnation. These

structural triggers make it possible to atrain the goal of efficient error-free learning.
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Supposc that the STL attempts (like the TLA) to parse each input with the current
grammar G aur first. If that fails, it tries again with the supergrammar consisting of G curr
with all UG-provided triggers/parameter values folded into it (or more precisely: all
those not yet definitively disconfirmed by previous learning). Unlike the TLA model,
the STL makes crucial use of the structural analyses assigned to strings by the parsing
routines. To say that a parse with G cur fails is not to say that there is no structural
output at all. The parser will build as much of the tree as G licenses before it is forced
to a halt. At this point, it needs a new parameter value in order to proceed. It will then
draw on the pool of additional treelets provided by UG in an attempt to find one (or
more) to complete the parse tree. Thus the learning device does not attempt to directly
idenafy the trigger treelets in input sentences. Rather, it contrtbutes the triggers to the
input, when parsing cannot proceed without them; a parameter value treelet must be in
the target grammar if it finds that that treelet and no other can enable an otherwise

blocked parse.
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Figure 21. An example of how the STL adopts a new
parameter value. The figure depicts a sentence that
cannot be parsed by the current grammar but can be
parsed by the supergrammar (the current grammar plus
all currendy unused parameter values). Assuming no
choice points were encountered during the parse, the
parameter value treelet that was used in the complete
parse tree can be adopted into the current grammar.

But what if an input sentence is parametrically ambiguous?® If it is, the supergrammar
will define more than one parse tree for it. At some point in the parsing process,
therefore, the parser will be faced with a choice between two (or more) analyses. So to
detect parametric ambiguity, the parser needs to note when a choice point arises in
parsing with the supergrammar, a point at which two (or more) analyses present
themsclves. If there is no such choice point, the input has just one supergrammar
parse. It is parametrically unambiguous, and every parameter value present in the

parse-tree is correct; the learner should adopt all of them that are not already in G uer.*®

* Note that there is no need in this system for an SVC-like constraint.
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The same applies to any parameter values involved in the analysis of the sentence prior
to a choice point in the parse, since the sentence is unambiguous up to that point. If
and when a choice between alternatve analyses does arise, there are several strategies
the learner might adopt (cf. Fodor 1998). The one I address in this thesis is called the
waiting-STL. 1 will use the terms waiting-STL and simply STL interchangeably to refer

to the waiting-STL unless specifically stated otherwise.

A waiting-STL employs a type of serial parser, known as a flagged serzal parser (Inoue and
Fodor, 1995) which squares with a widely help view of adult sentence processing.
When the parser notes a choice point in a sentence, it selects one analysis to pursue for
purposes of comprehension and it ignores all other analyses. But it reports the
presence of ambiguity to the learning mechanism, and the leamer thereafter adopts no

new parameter values on the basis of that sentence.

Most importantly, the waiting-STL obeys the Parametric Principle and reaps all of its
benefits (outlined above). Because the waiting-STL does not take chances, it can set
parameters with confidence, so it can be confident enough to discard incorrect values,
and cut the size of the subsequent learning problem in half. Note that the waiung-STL
is a true parameter setting device which obrtains separate evidence (in the output parse

tree) for each parameter involved in the derivadon of a sentence. It does not test

* The waiting-STL that is formalized below does not take advantage of unambiguous
beginnings of sentences. It is possible that a waiting-STL that is able to use unambiguous
beginnings might be somewhat more efficient.
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grammars as wholes. The successive halving of the learning problem manifests itself as
a reduction in the number of alternative potenual parses subsequent sentences will
have. The number of potential parses will be high to start with, because all the UG
parameter values are available. Thus, many alternative sentence structures can
potentally be derived. As more and more parameters are set, the number of alternative
structures will shrink. Thus there is progressive disambiguation of the input as learning

proceeds.

Eventually, at the point of convergence on the adult (target) grammar, all sentences will
be parametrically unambiguous (the only ambiguity that remains will be any structural
ambiguity inherent in the target grammar itself). For the waiting-STL, the advantage of
climinadng wrong parameter values is that the proportion of sentences that are fully
unambiguous parametrically will increase as learning proceeds. A sentence that was
unusable for acquisidon due to ambiguity early on in the learning process could

become usable subsequendly.

I argued in Section 4.1 that the Parametric Principle is a viable way to defeat the
potental exponenual complexity of the learning task. Since the STL is a true
parameter-setting device which respects the Parametric Principle, this hypothesis can
be can put to the test. In the next section [ investigate whether the waiting-STL does
indeed reduce the learning problem to one whose workload is linear in the number of

parameters, as envisaged on the basis of Chomsky's development of P&P theory. The
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surprising answer is that the Parametric Principle does not, in general, entail a linear
increase in workload as the number of parameters increases. However, there are
specitic domains in which the learner is able to achieve the target consuming a

reasonable number of inputs.

4.3 A probabilistic formulation of the STL

Since the STL abides by the Parametric Principle, a Markov formulation useful to
analyze performance does not require states which represent the grammars of the
parameter space. Instead, each state of the system will depict the number of
parameters that have been set, ¢ and the state transigons will represent the probability
that the STL will adopt some number of »ew parameter values, w; on the basis of the
current state and whatever usable parametric informadon is revealed by the current

input sentence.

%@

Figure 22. A possible state space for the STL performing in parameter space Hs.
Nodes represent the current number of parameters that have been correctly set and
arcs represent a possible increase in the number of parameters set. Once the learner
enters state 3, it has converged on the target. For the purposes of this example,
cach input expresses a2 maximum of 2 parameters. [.e. an input may express 0, | or
2 new parameters (w = 0, 1 or 2).
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In other respects, the approach is identical to that used to model TLA performance:
First one determines the transition probabilites of the Markov system that corresponds
to the process of parameter-setting by the STL (.. attach transition probabilides to the
arcs of Figure 22). Then one calculates the fundamental matrix, which will vield the
expected number of sentences required for the learner to converge on the target (see

Chapter 2 for details). +7

The following factors (described in detail below) determine the transitdon probabilities:

® the number of parameters that have already been set ( ¢)

® the number of parameters relevant to the target language ( r )

® the expression rate ( e)

o the effective expression rate (e')

Not all parameters are relevant parameters. Irrelevant parameters control propertes of
phenomena not present in the target language, such as clitic order in a language without

clidcs. For our purposes, the number of relevant parameters, r, is the total number of

¥ What follows is a presentation of one method for arriving at the expected size of the input
sample consumed by the waiting-STL. As stated, this approach is identical to that discussed
in earlier chapters. There is at least one other approach that can be used for establishing
these results. It udlizes dynamic programming to compute the following recurrence relation:
that the expected sample size required, on average, to set » parameters can be determined
from the size required to set #-7, 0</<e parameters, together with the probability of setting 7
additional parameters given that »-/ have been set. Sece this chapter's appendix for the
relevant formulae.
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parameters that need to be set in order to license all and only the sentences of the

target language.

Of the parameters relevant to the target language as a whole, only some will be relevant
to any given sentence. /\ sentence expresses those parameters for which a specific
value is required in order to build a parse tree, i.e. those parameters that are essental to
its structural description. For instance, if a sentence does not have a relative clause, it
will not express parameters that concern only relatve clauses; if it is a declarative
sentence, it won't express the properties peculiar to questions; and so on. ¥ The
expression rate, €, for a language, is the average number of parameters expressed by its
input sentences. For now, I will assume that e is the same for all target language
sentences. (This is surely not a linguistically realistic assumpton — see section 4.4.1 for
discussion and alternatives). As a measure of ambiguity , consider that each sentence,
on average, is ambiguous with respect to a of the parameters it expresses. The
effective rate of expression, €', is the mecan proportion of expressed parameters that

are expressed unambiguously (ie., ¢ = (¢-a)/e).

The learner starts out in a state where no parameters are set ( So) and then moves closer
and closer to the target as more and more parameters are definitively set. The
probability of the transiton from one state to another is determined by the parse test

of the current input.

* Of course, the parameters for relative clauses and questions will (typically) be relevant to
the target language as a whole.
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The learner does net change state if:

® the input is ambiguous, or

e all the parameters expressed by the input have already been set.

The learner will change state if:

¢ The input is unambiguous, and

e theinput expresses parameters that have not yvet been set.

The background is now in place to present a derivation of the number of inputs the

STL can be expected to consume before converging on the target grammar.

Lect the probability that the system will change from an arbitrary state S to state S:-. be
depicted as P(S— S:-.); this is the transition probability that the STL will move from a
state in which ¢ parameters have been set (§) to one in which #+u parameters have
been set (Si-2). This probability is derived by first calculating the probability that the
learner is exposed to a sentence containing one or more parameters (expressed
ambiguously or unambiguously) that have not vet been set. Then the probability that
the STL does not have to discard that sentence because it contains an ambiguity is
derived. Combining these probabilities, a formula is arrived at which vields the
probability that the learner will adopt w new parameter values (0 < w < ¢) on the basis

of a given input sentence, given that ¢ parameters had already been set.
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To present the derivation, it is useful to set ambiguity aside for a moment. In order to

set all ~ parameters, the STL has to encounter enough batches of e parameter values,
possibly overlapping with each other, to make up the full set of rparameter values that
have to be established. Let H(w|4re) be the probability that an arbitrary input sentence
expresses # new (l.e., as yet unset) parameters, out of the ¢ parameters expressed, given
that the learner has already set ¢ parameters (correctly), for a domain in which there are

r total parameters that need to be set. *°

H(w|tre) is simply the number of ways s can express w unset parameters drawn from
the current total pool of unset parameters (the size of which is r - /), imes the number
of ways s can express e-w previously set parameters from the total collection of £ set
parameters, divided by the total number of ways s can express e parameters out of all r

relevant ones. This is displayed in Equatdon 12:

r—t

w €— W

Equation 12. H(w|t,re)=

a ~x p—<
~

Now, to deal with ambiguity I bring the effective rate of expression, ¢, into play. Recall

that ¢’ is the proportion of expressed parameters that are expressed unambiguously.

* Readers familiar with basic probability theory will recognize the probability of choosing »
of a kind, without replacement, from a batch of ¢ items from r total items as being
hypergeometrically distributed., hence the function name H.
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Thus the probability that any single expressed parameter is expressed unambiguously is
also ¢’  The probability that all of the expressed but as yet unset parameters are
expressed unambiguously is (€)*. That is, the probability that an input is effectvely

unambiguous and hence usable for learning is equal to (¢’)>.

e are now in a positdon to give the formula for the probability PS— S:+s), that the
STL will set » addittonal parameters after encountering an arbitrary input sentence
given: / parameters had previously been set, a total of r parameters need to be correctly
set to acquire the grammar, the sentence expresses e parameters and the ratio of

'

unambiguous expressed parameters to the total number of expressed parameters is ¢'.

For clarity, I will somedmes write P(w|/ree’) to mean exactly PS— Si+u).

For values of w other than 0, the probability of setung » new parameters is simply the

probability that » of the ¢ parameters expressed are currently unset (= H(w|4re)), imes

the probability that all » parameters are unambiguously expressed ( = ( ¢)*).

The probability of setting 0 parameters (# = 0) is the probability that all e parameters

the sentence expresses have already been set ( = H( 0|4er ) ), plus, the sum of the

probabilides that the sentence expresses a certain number of parameters, all  wnser
min re.r -0

(= Z H(i|t,r.e)), but all expressed ambiguously (= (7 — (¢)?) ). See Equation 13 below.

=1
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H(w|t,re)(e’)" , O<w<e

Equaton 13. P(wl . ree’) =

H(Ot,r.e) + f}-l(ilt,r.e) (1—(e’) ), w=0

=1

Equation 14 gives the probabilities for all possible transitons of a Markov system that
models STL performance (thatis, P(S— Si+u)forall0 <¢<r, 0<w<ettw=<r). In
the next section I work through the details of a specific example of modeling the

efficiency of STL learning in F.

4.3.1 An Example Application: The feasibility of STL learning

Figure 23. A Markov transiton diagram for an STL
learner, where r = 5, ¢ =2 and the ambiguity rate 1s 80%%
— on average, 1.6 parameters out of the 2 expressed, are
expressed ambiguously. That is: a=1.6, ¢’ = 0.2.
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Figure 23depicts a transition diagram for STL learning where r=5,¢=2and ¢' = 0.2.
Each arc represents a possible transiion and the probability of each transiton is

derived from an applicaton of Equaton 15 in the preceding section.

For example, assume that during learning the STL depicted in Figure 23 has already set

3 parameters. After receiving an input it:

L may not be able to set any new parameters,

iL. may be able to set one additional parameter or perhaps

1. sets twWo new parameters.

The probability of the STL changing state from having set 3 parameters to having set 5
(following iii above) is P(§5— §5) = P(2 | 3, 5, 2, 0.2). This is the probability
of seting 2 new or previously unset parameters given that 3 have been set and thar the
input expresses 2 out of 5 relevant parameters that need to be set with a 20% chance

that each paramecter is expressed unambiguously. Here is the exact calculation:

P~ S5)= P(2]35,20.2

FH(2 |3 5, 2) (0.27

= .1(0.04)

= 0.004
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As a second example, the probability of shifting from state $: to state S5 is:

PS— S = P(1]25,202

= H(1]|252 02

6 (0.2)
= 0.12

As a final example the probability that, if the learner is in state Sy, it stays there, is

calculated as follows:

P(Si— Sy = P(0|45,202

min(2, S—=1)
H(01452) + Y H(il4,5.2) (1-(0.2)')

1=/

= 0.6 + H(1]4,52)(1-(0.2)")

= 0.6+ 04038

=092

By using Equaton 13 to derive probabilities for all the transitions depicted in  Figure 23

a transiton matrix can be constructed.
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So S: Ss Se Ss
0.9600 0.0400
0.8680 0.1200 0.0120
0.8760 0.1200 0.0040
0.9200 0.0800
1.0000

LoOpPH

The fundamental matrix is then generated from the transidon matrix.

| So S, S5 S

So 25.0000 75758 7.3314 12.1334
S, 7.5758 7.3314 12.1334
S 8.0645 12.0968
S 12.5000

The sum of the first row of the fundamental matrix vields the average number of
inputs required for the STL, startung in S o (no parameters have been set), to enter the
absorbing state Ss (all parameters have been set). That sum here is equal to 52.0406.
That is, the STL consumes approximately 52 sentences on average to set 5 parameters

under the conditions specified.

There is at least one other approach that can be used for establishing the number of

sentences consumed by the STL. See appendix of this chapter, Section 4.5 for details.
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4.4 The Feasibility of the STL

Table 13 below presents numerical results derived by fixing different values of 71, ¢, and
¢’. In order to make assessments of performance across different situations in terms of

increasing rates of ambiguity, a practical measure of ambiguity, ' is employed which is
directly derived from e 4’ =1 - ¢', and is presented in Table 13 as a percentage (the

propordon is muldplied by 100).

e a’'(%) r=15 r=20 r=25 r=30
1 20 62 90 119 150
40 83 120 159 200
60 124 180 238 300
80 249 360 477 599
5 20 15 22 29 36
40 34 46 59 73
60 144 176 210 245
80 3,300 3,466 3,666 3,891
10 20 14 18 23 28
40 174 187 203 221
60 9,560 9,621 9,727 9,878
80 9,765,731 9,766,375 9,768,376 9,772,740
15 20 28 32 37 41
40 2,127 2,136 2,153 2,180
60 931,323 931,352 931,479 931,822
o0 . over 30 biilion ......
20 20 - 87 91 95
40 - 27,351 27,361 27,383
60 - 90,949,470 90,949,504 90,949,728
80 - over 95 trillion .......

Table 13. Average number of inputs consumed by the
waiting-STL.  before convergence. Fixed rate of
expression.

The numbers in the table exhibit some interesting patterns. First, note that the

expected number of inputs needed increases quite slowly with the number of
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parameters (compared to the number that the TL.A requires; see Figure 15 in Chapter
3). The STL does not search the space of grammars, but sets parameters one by one
systemadcally, in accord with the Parametric Principle. However, the impact of
ambiguity is much sharper. At low ambiguity and at low expression rate, the sample
size for convergence is small — even when ris large. But increasing ambiguity and
expression raises the sample size needed to several hundreds of thousands of
sentences, and then into billions, when both ambiguity and expression are high. Figure
24 displays this striking effect of ambiguity on performance. The chart represents the
number of sentences that the waiing-STL can be expected to consume as a function of
increasing ambiguity in a domain where ris fixed at 20, and e is fixed at 10. Even on a
logarithmic scale, an accelerating increase in the size of the input sample can clearly be

seen. Plots incorporating different fixed values of rand e show a similar increase.
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10,000,000

1,000,000 1

100,000 1

10,000 1

1,000

100 1

Avg # sentences consumed

10

0.2 0.4 0.6 0.8
Proportion of parameters expressed ambiguously

Figure 24. Performance of the waiung STL plotted on a
logarithmic scale of inputs consumed as ambiguity
increases. r is fixed at 20, and ¢ at 10.

Not as striking, but perhaps more surprising, is the effect of ambiguity on the effect of
r. As ambiguity increases, the rate of increase in the number of sentences consumed
increases with respect to the number of parameters. This is depicted in  Figure 25. The
basic result it that, at a high degree of ambiguity, as the domain size scales up, the
number of sentences consumed by the STL escalates at a rate that is greater than linear

in the number of parameters to be set.
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Figure 25. The effect of increasing ambiguiry as domain
size increases. The number of parameters increases
along the x-axis. The number of sentences consumed
increases along the y-axis. ¢ s fixed at 10. Note that the
scale of the yv-axis differs in each chart.

In a highly ambiguous domain the STL discards a devastatingly large number of inputs
waiting for reliable, unambiguous ones ( Figure 24). The basic effect of ambiguity is
understandable, although its extent is remarkably extreme. But the fact that the

parametrically principled STL doesn't keep the complexity of the learning task linear in
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the number of parameters (Figure 25) runs contrary to the primary motivadon for the

model — the Parametric Principle (set parameters, do not evaluate whole grammars).

Both of these results seem not to bode well for the ulimate success of the waiung-STL
as a feasible model of syntax acquisidon. However, as I explain in what follows,
incorporatng a reasonable assumption about the input sample into the probabilistic
analysis, the expected performance of the STL improves significandy. But firse, it is
informauve to discuss why the framework as presented so far leads to predicting that
the STL will consume an extremely large number of sentences at rates of ambiguity and

expression approaching natural language. 3

By far the greatest amount of damage inflicted by ambiguity occurs at the very earliest
stages of learning. This is because before any learning takes place, the waiung-STL
must (by definition) wait for the occurrence of a sentence that is fully unambiguous.
Such sentences are bound to be extremely rare if the expression rate and the degree of
ambiguity is high. For instance, a sentence with 20 out of 20 parameters unambiguous
will virtually never occur if parameters are ambiguous on average 99% of the tme (the

probability would be (1/100) 20).5!

** See Section 1.2 for brief discussion on across language natural language ambiguity.

> This can be derived from Equation 2 when w = e = 20. In this case, the (¢) * term in the
waiting-STL transiton formula ( Equation 13) becomes (¢)°. That is, the proportion of
unambiguously expressed parameters (e) is raised to the total number parameters expressed

(e).
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After learning gets underway, STL performance increases dramatcally — the generally
damaging effect of ambiguity is midgated. Because the STL sets parameters in
accordance with the parametric principle, with every successful learning event the
number of parameters sdll to be set is decreased. Hence, the expression rate for unset
parameters decreases as learning proceeds. And to be usable by the STL, the only
parameters that need to be expressed unambiguously are those that have not vet been
set. For example, if 19 parameters have already been set, and ¢ = r = 20 as in the
example above, the probability of encountering a usable sentence if parameters are
ambiguous on average 99% of the time and the input sample consists of sentences

expressing 20 parameters, is relatvely high: (1/100) ' = 1/100.52

Clearly, the probability of seeing usable inputs increases rapidly as the number of
parameters that are set increases. All that's needed, therefore, is to get parameter
sctting started, so that it can then begin to pull the learner down into more comfortable
regions of parametric expression. Once parameter setting is underway, the waiting-

STL is extremely efficient.

Take as another example the situadon that ensues when the ambiguity rate is 80%, e =
10 and r = 30. Table 13 indicates that 9,772,740 sentences can be expected to be
consumed before all 30 parameters are correctdy set. However 9,765,625 are

consumed before a single parameter is set. This is because, at the outset of

** This can be arrived at by plugging into Equation 13: w =1, t = 19, e = 20, and r = 20.
This is equal to H(1]19,20,20) (1/100)1 = (1) (1/100).
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learning, there are only two transitions that the system can make: S o — S or So
— So. That is, the waiting-STL must wait for a fully unambiguous trigger before
parameter setting commences, otherwise the system remains in the state where no
parameters are set. When that trigger finally arrives, the STL is able to correctly
set a// of the e parameters that are expressed. But before that moment, the STL 1s
discarding input after input. The exact number that are discarded can be
determined by setting ¢ (the number of parameters expressed) to » (the number
of mew parameters that the learner can be expected to set) in Equaton 13 which
will vield the probability of shifting out ef S o: H (10, 0, 30, 10) (.2)!0 = (1) (.2)!° =
0.0000001024. Since So is the starting state with only two transitions S o — S¢ and
So — Su, full Markov technique need not be applied. The waiting time for a
successful event, out of an event space consisting of success and failure, is equal
to the reciprocal of the probability of success. In this case itis 1/0.0000001024
which is exacdy 9,765,625. After the first 10 parameters have been set, learning
proceeds extremely rapidly, only 17,115 more sentences, on average, are needed to set

the remaining 20 parameters.

Figure 26 displays the mean number of sentences expected to be consumed by the STL
in cach stuate of the Markov system after the first fully unambiguous trigger is
encountered (and causes the system to shift from S o to Si0). It should be noted that the
number of sentences depicted in Figure 26 reflects an average that can be expected in

the limit over all possible scenarios. For a given learner and input stream it is
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indeterminate exactly how each arbitrarily encountered batch of 10 expressed
parameters may lead to setting new parameters. In some cases 5 new parameters will
be set, in other cases 3 or perhaps 1 or zero may be set. This explains the large peak
when the learner is in state S 10. All possible input streams (which contain at least one
fully unambiguous trigger) will eventually cause the learner to attain state S 10 whereas
different selections of sentences may cause the learner to 'pass by’ states after S 1. (For
example the learner might or might not enter state S 17 depending on the sequence of

sentences that have been encountered.)
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Figure 26. The logarithm of expected number of
sentences consumed by the waiting-STL in each state
after learning has started. ¢ = 10, = 30,and ¢’ = 0.2.

This also explains the S-shape of the curve. H (from Equation 13) represents the
distribution of the probability of seeing w new, currently unset parameters regardless of
whether they are expressed ambiguously or not. The distribution of H is not uniform

(it is hypergeometric, sec footnote 49 above). In the beginning of learning, just after
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the first fully unambiguous trigger, the probability that the STL will encounter a
sentence expressing only one new parameter is significantly lower than the probability
that it will encounter a sentence expressing 5 or 6. The effect of this can be seen in
the peak at S13. By the same argument, learning slows down near the end, just before
the last few parameters are set. If there are 29 parameters set, and 30 total % be set,
more sentences are consumed waiting for a usable sentence which expresses exactly
that one last parameter value than are consumed in the middle of the dme course
where forward progress can be made because a potenaally usable sentence (that

expresses any number of unset parameters) is more likely to be encountered.

For the waiting-STL model of acquisition to be considered feasible, its near paralysis at
the outset of learning (under the likely assumption that natural language exhibits
relatively high degrees of expression and ambiguity, see Section 1.2 ) must be
overcome. In fact, there exists a refinement of the probabilistic framework that allows
for a demonstration of faster learning under what may prove to be a more realistic
abstracdon of true human language acquisiton. It puts in place a method for
incorporating distributional assumptions about the shape of the input sample
encountered by the learner. When there is a uniform distribution of expression, rather
than the expression being fixed, the waiting-STL is an extremely efficient learner. Of
course, it remains to be determined whether or not this assumption of variable

expression rates across sentences is characteristic of natural languages.
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4.4.1 Overcoming the Problem of Early Ambiguity

4.4.1.1 Assume a Distribution of Expression Across the Input Sample.

So far e has, for convenience, been taken to be fixed across all sentences of the target
language. In that case, when ¢ = 10 the learner will have to wait for a sentence with
exactly 10 unambiguously expressed parameters in order to get started on learning, and
as discussed above, that can be a very long wait. But if we take the value of ¢ to vary
across sentences, (rather than fix ¢), then the learner will encounter some sentences
which express fewer than 10 parameters, and which are correspondingly more likely to

be fully unambiguous.

Any distribution of e can be applied to the framework that models STL performance.
Let Dr(x) denote the probability distribution of expression of the input sample; that is,
the probability that an arbitrarily chosen sentence from the input sample I expresses x
parameters. For example, if Dy imposes a wniform’’ distribution, then Dr(x) = 1/emax
where every sentence expresses at least 1 parameter and € e is the maximum number

of parameters expressed by any sentence.

Given Dy the new transiton probability P'(S— Si+3) = P'(w| 4 rencse’) is calculated as:

€,

Equaton 16 P'(WI!,r,em‘,e') = z D, (i) P(wlt,r,i,e')

I3

>* A uniform distribution is one in which all outcomes are equally likely. For example, the
distribution of the outcomes of a single die roll is uniform because each possible outcome is
equally likely (= 1/6).
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where P is defined as in Equation 13 above and e tepresents a maximuzz number of

parameters that a sentence may express instead of a fixed number for all sentences.

To see why Equadon 16 is valid, consider that to set exactly » new parameters at least
w must be expressed in the current input sentence. Also usable (to set » new
parameters) are sentences that express more (than #) parameters (w+1, w+2, »+3, ..,
enx.) because the parameters expressed by the current input sentence may overlap with

the parameters that have already been set. Thus, the probability of setting » new
parameters is simply the sum of the probabilites that a sentence expressing a number

of parameters, 7, from w tO ens is encountered by the STL ( = Dr()), tmes the
probability that the STL can set exactdy w additional parameters given 7z Table 14
presents numerical results derived by fixing rand &’ and allowing e to vary uniformly
from O to ems. As in Table 13 above, a practical measure of ambiguity, 2’ is employed
which is directly derived from e" 2" =1 - ¢/, and is presented in Table 14 as a percentage

(the proporton is multiplied by 100).
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Cmax a' (%) r=15 r=20 =25 r=30
1 20 124 180 238 300
40 166 240 318 399
60 249 360 477 599
80 498 720 954 1198
5 20 28 40 53 67
40 46 65 86 107
60 89 124 161 199
80 235 324 417 511
10 20 17 24 32 40
40 40 55 70 86
60 102 137 173 209
80 323 430 538 648
15 20 15 21 27 33
40 46 62 77 93
60 134 176 219 262
80 447 586 726 868
20 20 20 26 32
40 74 91 109
60 223 275 327
80 755 931 1108

Table 14. Average number of inputs consumed by the
waitung-STL before convergence. Uniformly distnibuted

rate of expression.

Clearly, the waiting-STL can be expected to feasibly atrain the target consuming a

reasonable number of sentences given the values for expression, relevance and

ambiguity presented in Table 14. Note particularly that increasing en. has far less

eftect than increasing e in Table 13. When ¢, = 20, the mean value of ¢ is equal to 10.

Hence, the lowest block (of rows) of Table 14 can be usefully compared with the

middle block of Table 13 (in which the expression rate, ¢, is fixed at 10). Varnable

expression is clearly beneficial.
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However, the effect of ambiguity on learning efficiency is sull substandally greater than

lincar. Figure 27 plots STL performance as a functon of increasing ambiguity on a

logarithmic scale.
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Figure 27. Performance of the waitng STL plotted on a
logarithmic scale of inputs consumed as ambigurty
increases. r is fixed at 20, and e is uniformly distributed
from O to 10.

Compared with the fixed distribution consumpton for the same values of expression
and relevance depicted in Figure 24, a slower rate of increase is indicated, but sdll the

increase in performance is exponendal in the ambiguity rate.

Given this sharp increase, it is necessary to perform the calculatons on more extreme
values, in order to determine the upper bound on ambiguity that delineates a

manageable input domain for the waiting-STL model.
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€max a’'(%) r=30 =40 r=50 r=60
20 80 2,767 3,656 4,549 5,446
99.9 33,157 43,825 54,532 65,269

99.99 337,348 445 886 554,832 664,064

99.999 3,379,281 4,466,537 5,557,877 6,652,071
99.9999 33,798,616 44,673,047 55,588,325 66,532,147
99.99999 337,991,967 446,738,153 555,892,814 665,332,907

Table 15. Average number of inputs consumed by the
waiting-STL before convergence. Uniformly distributed
rate of expression. Note that results for =40, r=30,
and r=60 were not presented in previous tables.

Table 15 shows the average number of inputs consumed as ambiguity reaches
extremely high levels when the expression rate per sentence uniformly varies from 0 to
20. Given the exponental effect of ambiguity, the model performs surprisingly well at

relagvely high levels of ambiguity.
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For example, when there is a 99.999% chance of a parameter being ambiguous,
(equivalentdy a probability of 1/100,000 of a parameter being expressed
unambiguously) and 60 parameters need to be set, the waiting-STL requires a
manageable number of sentences (between 6 and 7 million) that is very roughly in line
with the number a child might be expected to hear (Hart and Risley, 1995). Perhaps
even more notable is that there is a linear (non-exponental) increase in the number of

sentences consumed, even at a high rate of ambiguity. This is depicted in Figure 28.
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Figure 28. The effect of increasing ambiguity as domain
size Increases. ¢ 1s distributed from 0 to 10.

In summary: To avoid the inefficiency due to making and correcting errors, a waiting-

STL waits for fully unambiguous input to learn from. I have shown that this can result
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in very slow rates of learning when parametric expression is fixed. But, this problem is
not equally severe across the board. The generally damaging effect of ambiguity is
absent at lower expression rates. It turns out that humble sentences that reveal only a

few parameter values are the most useful for a learner seeking reliable informadon.

This is important because expression rate is the one factor that might occasionally be
low in real life learning. That there is a high degree of parametric ambiguity in natural
languages seems undeniable. And, though linguistic research might prove otherwise,
there seems little hope that the number of syntactic parameters relevant to a language
will be reduced to less than a dozen. So there is not much prospect of an improvement
in learning efficiency due to a reduction of either ambiguity rate or total number of
parameters to be set. But it does seem possible, even likely, that the expression rate
may vary across the sentences of natural languages. Those which express a low
number of parameters should have a beneficial effect on learning speed, particularly at

the carly stages of learning where the degree of parametric ambiguity is at its greatest.

Whether there are such sentences that a child might encounter, which exhibit low
expression rates must be determined by empirical research on child-directed language.
Burt it seems reasonable to suppose that this is true. At least some of the 4 or 5 word
sentences that early learners encounter surely do not exhibit every syntactc

phenomenon in the language. For instance, there are early child-directed sentences
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that contain negation, or overt WH-movement, or a subordinate clause, but probably

few that involve them all.

4.5 Appendix

An alternadve method for determining the number of sentences expected to be
consumed by the STL is to directly sum the number of sentences consumed in each
state. Let E(S)) represent the expected number of sentences that will be consumed in

state 5. E is given by the following recurrence relation:

1
(e')°

E(S,) =

l 43
E(S,)= PGS, > S,)E
(S,) =PG5, 55 ‘;"_,( (S, ) E(S,)

where P(§— ) is given by Equaton 13 earlier in the chapter. The expected total is
simply:

r—1
E, =ES,) + Y ES,)

1=e

which is equal to the expected number to be consumed before any parameters have
been set (= E(Sg)) plus the number expected to be consumed after the first successful

learning event (at which point the learner will be in state S5)) summed with the number
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of sentences expected to be consumed in every other state up to the state just before

the target is attained (S-7).
Although not in closed form, it is easy to solve E.r using dynamic programming.

To derive the formula that allows for a distribution to be placed on ¢, replace P by P’ as

given in Equadon 16.
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5 Discussion and Directions

The results presented in the dissertation provide indirect evidence that for two very
different models, learning performance differs widely in domains with different
distributions of ambiguity. Two factors emerge that exponentally affect the

performance of syntax acquisidon:
® the size of the parameter space, and
® the degree of parametric ambiguity 5+

For the TLA the size of the parameter space poses a major hurdle in the case that
ambiguity is distributed evenly throughout the domain — the TLA performs notably
worse than a learner that blindly guesses grammars at random, even at rates of
ambiguity most favorable to TLA performance. The number of sentences required to
converge on the target is hence greater than 2° where # equals the number of
parameters that need to be set. However, when the ambiguity is distributed so that a
smooth domain ensues (i.e. the probability of a successful parse is not uniform, it is
higher the closer a grammar is to the target grammar), the damaging effect of ambiguity
is curtailed. At least as long as the number of parameters is modest, the TLA can

acquire the target grammar consuming a reasonable number of input sentences.

** Including the effect of expression rate on ambiguity-.
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Two potential concerns are not alleviated by this result. First, although the absolute
number of sentences consumed by the TLA is reasonable, an exponental trend is
exhibited. If the number of parameters that is required to accurately describe human
language is greater than 30 (the largest domain tested in the dissertation), further
rescarch would be needed to determine if the number exceeds the point at which an
exponenual explosion occurs. It could be, for instance, that the TLA is a feasible
model in smooth domains of up to 39 parameters, but a clearly infeasible one in a
domain of 40. Second, the result (for strongly smooth domains with 30 or fewer
parameters) is contingent on there being a language domain in which languages that are
parametrically similar share an extremely large number of sentence types. That is, there
necds to be a high degree of overlap between the languages generated by neighboring
grammars in the grammar space. Again, if the TLA is to be considered a feasible
model, future research would be required to determine if natural languages conform to
the experimental boundaries within which efficient TLA performance was observed.

In respect to language overlap, however, this seems unlikely.

For the waiting-STL, the Parametric Principle prevents the effect of the domain size
from dominating performance. However, a high degree of parametric ambiguity is
crippling. That is, as the rate of ambiguity increases, the STL requires an exponendally
increasing number of sentences in order to attain the target grammar. As the degree of
cross-language ambiguity in natural language rises above a modest amount, the number

of sentences consumed by the STL rapidly escalates at an unmanageable rate.
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However, as for the TLA, there is a mitigating circumstance in which the STL can be
expected to consume a reasonable number of inputs. When the number of parameters
that are expressed per sentence can vary across the sentences of the input sample so
that there are some sentences with little or no ambiguity, there is a strking
improvement in STL performance. So, even at extremely high rates of ambiguity the

STL can be considered a feasible learning model.

Sall, as with the TLA, there are several potental concerns. First, it may be that the
degree of parametric ambiguity in human languages approaches 100%. That is, there
may be very few (if any) sentences that belong to the target language and the target
language alone. If this is indeed the case, the STL is effectively paralyzed at the outset;
the first parameters would be nearly impossible to set. Second, although varving
parametric expression rate across sentences allows the Parametric Principle to keep the
effect of the domain size in check (relative to the effect of domain size on TLA
performance), there is still an accelerating increase in the number of sentences that are
consumed in domains where the expression rate is fixed and the ambiguity rate is high.
If psycholinguistc research reveals that this is indeed the case — that in human
language, the number of parameters expressed fluctuates by very little and the
ambiguity rate is high — the study presented here would have to be tuned to match the
psycholinguistic data in order to determine if the STL is feasible under these

conditons.

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



A twofold picture can be constructed from the STL and TLA feasibility studies. First,
given the wide breadth of factors that create hospitable learning environments for the
different learners (e.g. smoothness for the TLA, varying expression for the STL) it
seems very unlikely that any one parameter setting algorithm could be devised that
performs well in all possible domains. In other words, the evidence suggests that there
is no acquisiion model that exhibits superior performance across a broad range of
possible learning scenarios. I call this the No Best Strategy Conjecture: No
learning strategy is generally the most effective for setting syntactic parameters

across all ambiguous domains. *°

Second, the effect of ambiguity on learning performance is extremely sensitive to the way in
which the ambiguity emerges. Any computational framework that is employed to simulate
language acquisition requires that certain variables (e.g. @, A, 4, ¢, etc.) be in place that
define the input sample presented to the learner. The precise formulaton of these
variables shapes the distributon of ambiguity, which in turn affects leaming
performance. Certain distributions prevent feasible learning while others allow it
Within the class of all possible learning situations, both the STL and the TLA have sueet

spots - where the shape of ambiguity is favorable to learning performance. It is noteworthy

> This follows the spirit of Schaffer's Law of Conservation of Generalization (1994) which
applies to classificaton learners. Roughly, the result indicates that identfying the correct
category of a datum that the learner has not been trained on (by generalizing from other
dara) is a "zero-sum enterprise” — for every learner, positive performance in some class of
learning situations is offset by equally poor performance in others. Of course, the No Best
Strategy Conjecture is concerned with efficiency, not accuracy.
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that these situations are narrowly circumscribed; small changes in the relevant variables

result in large changes in performance outcomes.

Together, this sensigvity and the No Best Strategy Conjecture strongly suggest that
knowledge of successful performance in one artificial domain can not be used to argue
for an algorithm's viability as a model of true natural language acquisidon. Attempts at
discovering the mechanism of human language acquisition through compuratonal
modeling must be coupled with a detailed analysis of the shape of ambiguity in input
samples typically encountered by children. The results presented here contribute to a
growing body of research indicating that parameter setting is a difficult and subtde
enterprise. They also underline the fact that whether a particular acquisidon model
ultimately succeeds or fails will depend on the exact conditions under which the model
performs well and the extent to which those favorable conditions are in line with the

facts of human language.
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